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ABSTRACT
Graphics Processing Units (GPUs) provide very high on-card memory bandwidth which can be exploited to address data-intensive
workloads. To maximize algorithm throughput, it is important to
concurrently utilize both the CPU and GPU to carry out database
queries. We select data-intensive algorithms that are common in
databases and data analytic applications including: (i) scan; (ii)
batched predecessor searches; (iii) multiway merging; and, (iv)
partitioning. For each algorithm, we examine the performance of
parallel CPU/GPU-only, and hybrid CPU/GPU approaches.
There are several challenges to combining the CPU and GPU for
query processing, including distributing work between architectures. We demonstrate that despite being able to accurately split
the work between the CPU and GPU, contention for memory bandwidth is a major limiting factor for hybrid CPU/GPU data-intensive
algorithms. We employ performance models that allow us to explore
several research questions. We find that while hybrid data-intensive
algorithms may be limited by contention, these algorithms are more
robust to workload characteristics; therefore, they are preferable to
CPU/GPU-only approaches. We also find that hybrid algorithms
achieve good performance when there is low memory contention
between the CPU and GPU, such that the GPU can perform its
operations without significantly reducing CPU throughput.
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1

INTRODUCTION

Graphics processing units (GPUs) have been exploited to improve
data-intensive algorithm throughput. Algorithms can now be designed to use the CPU or GPU [12, 26], in addition to hybrid
CPU/GPU approaches that exploit both architectures [21]. In sharedmemory systems, the distribution of work and tasks between CPU
and GPU architectures has to be carefully considered to optimize
resource utilization and algorithmic efficiency.
GPU global memory bandwidth is an order of magnitude higher
than the CPU-GPU interconnect (e.g., PCIe v3.0 has 32 GiB/s bidirectional bandwidth [23] and Nvidia Volta has 900 GiB/s global memory bandwidth [22]). For data-intensive algorithms, the CPU-GPU
interconnect is a bottleneck [26]; however, there is an opportunity
to exploit the GPU’s high on-card memory bandwidth.
A recent study by Gowanlock et al. [12] proposed a work splitting
strategy to assign work to the CPU and GPU for hybrid memorybound database primitives. However, their paper made several simplifying assumptions about work distribution between the CPU
and GPU which we believe are unable to adequately capture the
performance of their examined hybrid database primitives. In particular, contention for memory bandwidth can be detrimental to
hybrid CPU/GPU algorithm performance, thus we fundamentally
disagree with the approach taken by Gowanlock et al. [12].
While we disagree with the modeling approach used to split
the work between the CPU and GPU in Gowanlock et al. [12], the
authors proposed a comprehensive testbed of database primitives.
In particular, the authors proposed hybrid batched predecessor
searches, multiway merging, and k-way partitioning. We summarize each of these algorithms in Section 4. The algorithms use a
significant fraction of available main memory bandwidth in the system. Therefore, these primitives provide a good testbed of common

SAC ’21, March 22–26, 2021, Virtual Event, Republic of Korea

2

12

Time (s)

4

6
Hybrid: T U pper
CPU-only
GPU-only

15
9
6

6
Hybrid: T U pper
Hybrid: Measured
CPU-only
GPU-only

4

Time (s)

18
Hybrid: T U pper
CPU-only
GPU-only

Time (s)

Time (s)

6

Michael Gowanlock, Zane Fink, Ben Karsin, and Jordan Wright

2

Hybrid: T U pper
Hybrid: Measured
CPU-only
GPU-only

4
2

3
0

1

2

3

Input Size (n)

(a) Even Split

4

5

0

1

2

3

4

0

5

1

2

Input Size (n)

3

4

0

5

(b) Uneven Split

(a) Even Split: Low Contention

1 Note

that if the CPU-only algorithm performs much worse than the GPU-only algorithm then this would yield the same upper bound performance and have the same
implications.

4

5

18

12
9

Hybrid: T U pper
Hybrid: Measured
CPU-only
GPU-only

15

Time (s)

Time (s)

3

(b) Even Split: High Contention

Hybrid: T U pper
Hybrid: Measured
CPU-only
GPU-only

15

6
3
0

database workloads that can be used for examining the impacts of
contention on hybrid CPU/GPU algorithm performance.
To elaborate on the prior work and pitfalls of Gowanlock et al. [12],
as an illustrative example, we show that there are two major limitations that may hinder hybrid CPU/GPU algorithms.
First limitation: Splitting the Work. This limitation was considered by Gowanlock et al. [12]. The upper bound on the speedup of
a hybrid algorithm over both CPU-only and GPU-only approaches
is when the work is evenly split between the two architectures
(i.e., each architecture computes half of the total work). Figure 1(a)
shows a synthetic example of the response time vs. input size, n,
where the CPU-only and GPU-only algorithms achieve nearly the
same performance, and where T U pper is the modeled upper bound
throughput. T U pper is simply the combined throughput of the
CPU-only and GPU-only algorithms. In this case, there is significant potential for a hybrid algorithm to outperform its CPU-only
and GPU-only counterparts. In contrast, Figure 1(b) shows the case
where the GPU-only algorithm performs much worse than the
CPU-only algorithm. In this case, the upper bound on performance
is similar to the CPU-only performance, indicating that at most, a
hybrid algorithm will only achieve negligible performance gains1 .
Second limitation: Contention for Resources. This limitation was not considered by Gowanlock et al. [12]. In the case where
an even distribution of work between architectures is possible, memory bandwidth contention can significantly reduce performance.
This is a major concern for data-intensive algorithms. Figure 2(a)
shows the best case for a hybrid CPU/GPU algorithm where there
is a near-even split of work, and low contention for main memory
bandwidth. Here, the measured hybrid algorithm response time
is close to the upper bound on performance (T U pper ). Figure 2(b)
shows that despite a near-even split in work between the CPU
and GPU, contention for main memory bandwidth limits the performance of the hybrid algorithm over the GPU-only algorithm.
Figure 2(c) shows that when there is an uneven split, the performance gain of the hybrid algorithm over the CPU-only algorithm is
minimal despite low memory contention. And lastly, in Figure 2(d),
we find that the hybrid algorithm has worse performance than
the CPU-only algorithm due to both the uneven work split and
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Figure 1: Synthetic example with an (a) near-even split and
(b) uneven split of work between the CPU and GPU. T U pper
is the upper bound on performance derived by the combined
throughput of the CPU-only and GPU-only algorithms.
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Figure 2: Synthetic example with even and uneven even
splits of work between the CPU and GPU for low and high
contention scenarios.
high contention. Consequently, the hybrid algorithm should not be
employed in this case.
Due to these limitations, hybrid CPU/GPU approaches do not
perform well across all workloads. However, we show that we can
selectively employ hybrid algorithms by using performance models
that quantify: (i) the upper bound on performance; (ii) contention;
and (iii) memory bandwidth saturation.
Major Benefit of Hybrid Algorithms: Depending on workload characteristics, hybrid algorithms only achieve performance gains in
certain cases. Despite this, they are more robust as they can improve
performance in scenarios where the CPU/GPU-only algorithms do
not perform well.
Research Questions Answered by the Models: Models are used
to answer the following questions: (i) Are common data-intensive
workloads amenable to heterogeneous architectures? (ii) Is main
memory bandwidth saturated by canonical data-intensive algorithms? (iii) New architectures are heterogeneous and require different algorithms to achieve peak performance. What algorithm
properties indicate that they will yield good performance when
executed in a hybrid fashion? (iv) To what extent does memory
contention degrade the performance of a hybrid algorithm?
As a demonstration of the potential improvement over CPU/GPUonly database primitives, we efficiently compute: (i) scan; (ii) batched
predecessor searches; (iii) multiway merging; and, (iv) k-way partitioning. These four data-intensive algorithms are used in several canonical database applications [13, 15, 28, 29, 32]. Following Gowanlock et al. [12], to reduce the memory pressure of the
CPU/GPU-only and hybrid approaches, we employ algorithms that
are optimal in the well-known external memory (EM) model [1].
This paper makes the following major contributions:
• We employ database primitives that are optimal in the EM model
to minimize memory accesses and contention. We show that contention for resources between the CPU and GPU can degrade the
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performance of hybrid algorithms; thus, I/O efficient algorithms
are of paramount importance.
• We propose three models: (i) the upper bound on hybrid algorithm performance; (ii) a model that includes contention to be
compared with the upper bound model; and (iii) a model for the
CPU-only algorithm that assumes memory bandwidth saturation.
• We show that our upper bound model is very accurate at splitting
the work between CPU and GPU architectures. This is important, as an inaccurate split can degrade performance due to load
imbalance between architectures.
We summarize the major differences between this paper, and the
prior work proposed by Gowanlock et al. [12] as follows:
• Prior work developed a model to split the work between the CPU
and GPU, which completely ignored the cost of computation and
assumed that all algorithms saturate main memory bandwidth. In
this paper, we consider the cost of computation and show that this
cost is not always negligible as previously assumed. Additionally,
in contrast to prior work, we show that main memory bandwidth
is not saturated in all of the hybrid algorithms.
• Prior work did not constrain the upper bound on performance
of the hybrid approaches. This paper quantifies the upper bound
based on the throughput of the CPU/GPU-only algorithms.
• Prior work assumed a contention-free scenario, where the use of
the CPU and GPU did not compete for memory bandwidth. In
contrast, this paper focuses on contention and demonstrates that
it can degrade the performance of hybrid CPU/GPU algorithms.
Thus, prior work made unsatisfactory model assumptions.
• Prior work lacked experimental evidence to support model assumptions. This paper supports assumptions using a set of hypothesis testing experiments.
• Prior work assumed that all algorithms are suitable for a hybrid
CPU/GPU execution. Using our models, we are able to detect
whether an algorithm should be executed using the CPU and GPU,
or whether it should use one of the CPU/GPU-only approaches.
This paper addresses several of the major limitations of the pioneering work of Gowanlock et al. [12]. While the efforts of the prior
work showed the potential of hybrid CPU/GPU database primitives,
this paper provides a thorough treatment of contention, which has
several implications for the design of in-memory database systems
that exploit emerging architectures.
Paper organization: Section 2 outlines related work. Section 3
describes the performance models. Section 4 describes the hybrid
algorithms. Section 5 demonstrates the effectiveness of the hybrid
algorithms and utility of the models. Section 6 concludes the paper.

2

BACKGROUND & RELATED WORK

In this section, we describe the problem statement and constraints
considered in this work, and discuss this paper in the broader context of the related literature.
Problem Statement & Constraints: We consider CPU/GPU-only
and hybrid CPU/GPU algorithms. The total response time of an
algorithm includes all data transfers to and from the GPU and related overheads. The final result set is stored in main memory. The
input and output sizes can exceed the GPU’s global memory capacity, which is enabled by partitioning the input data and executing
several independent batches. Most GPU algorithms proposed in the

literature only include GPU computation time and do not account
for data transfers in their evaluations [2, 5, 14, 17, 25]. We account
for all data transfers. In many cases, the cost of computation is minor relative to the cost of PCIe data transfers and other host-to-host
memory operations that support GPU computation.
GPU-Accelerated Databases & Modeling: Several studies model
the execution of workloads on GPUs [3, 18, 19, 24]. Schaa and Kaeli [24]
model application latency considering network bandwidth, disk access throughput, and multi-GPU PCIe contention, and achieve good
accuracy across six applications. Kothapalli et al. [19] propose a
general model of GPU computation that employs other well-known
models (BSP [30], PRAM [7], and QRQW [9, 10]). Boyer et al. [3]
focus on modeling data transfers, rather than kernel execution time,
which is particularly important for data-intensive workloads. Van
Werkhoven et al. [31] focus on modeling data transfers between the
CPU and GPU where communication can be overlapped in CUDA
streams to hide data transfer overhead.
We employ a model used by Shanbhag et al. [26] that assumes
main memory bandwidth saturation (this same model assumption
was also proposed by Gowanlock et al. [12]).
In contrast to previous work that examines largely GPU-only
approaches or compares GPU-only to CPU-only approaches, this
paper is focused on understanding splitting the work between CPU
and GPU architectures. Therefore, previous work does not consider
models that distribute the work between architectures.
Karnagel et al. [16] explore the limitations of splitting workloads
between the CPU and GPU, and discuss the effects of resource
undersaturation, synchronization overhead, and merging intermediate results into the final result set. They propose a model for splitting the workload, and caution the reader that hybrid CPU/GPU
approaches need to be carefully designed if they are to achieve
performance gains over CPU-only approaches. Similarly to our
approach, they partition the data to be executed on the CPU and
GPU and assume that the data resides in main memory at the end
of the computation. In contrast to Karnagel et al. [16], this paper
examines the impact of memory bandwidth contention and models
several scenarios not considered in their work.
Data Transfer Optimizations: Several studies have optimized
data transfers between the host and GPU [8, 11, 20]. We employ
several data transfer optimizations in Gowanlock and Karsin [11],
which include reusing small pinned memory buffers to transfer
data between the host and GPU using several CUDA streams.

3

GENERAL OUTLINE FOR MODELING
ALGORITHMS

Our models that apply to all algorithms. Let Tc and Tд denote
the CPU-only and GPU-only execution time for a given algorithm
in seconds (with input size n), respectively. The CPU-only and
GPU-only throughput is denoted as rc = n/Tc and rд = n/Tд ,
respectively; we assume the throughput is independent of input
size, n.
We assume that the upper bound throughput of a hybrid CPU/GPU
algorithm that splits the work between architectures is the total
throughput given by the CPU-only and GPU-only algorithms, denoted as r tot = rc + rд . In practice, the upper bound throughput is
not achievable, unless there is no contention for resources.
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The Fraction of Work Assigned to the CPU
and GPU

The total throughput of the CPU-only and GPU-only algorithms is
given by r t ot . We compute the fraction of work assigned to the CPU
(f ) and GPU (1 − f ) such that we evenly split the work between
the CPU and GPU, as follows:
f = rc /r t ot .

(1)

This assumes that the throughput ratio of the CPU to the GPU
components of the hybrid algorithm are identical to the ratio of the
CPU-only and GPU-only algorithms (rc /rд ). Since the hybrid algorithm components are the same as the CPU/GPU-only algorithms,
but they work on different data partitions, these throughput ratios
are expected to be equal.

3.2

Hybrid Model: Upper Bound

LetT U pper be the modeled upper bound on performance of a hybrid
algorithm (with a throughput of r t ot ), given in seconds as follows:
T U pper = n · f · rc−1 = n · (1 − f ) · rд−1 ,

(2)

where f and 1 − f is the fraction of work assigned to the CPU
and GPU, respectively. Since both the CPU and GPU are executing concurrently, the model assumes the upper bound throughput
r tot = rc + rд is achieved.

3.3

Hybrid Model: Including Contention

Since the upper bound throughput, r t ot , is unachievable in practice
due to contention for resources in the system, we quantify the difference between the expected time given by r t ot and the measured
hybrid algorithm time using f , denoted as Th . The contention factor,
c, is given as follows:
c = Th /T U pper .
(3)
Since
is the modeled upper bound on performance,
Th > T U pper ; therefore, c > 1. We modify T U pper to include
the contention factor as follows:
T U pper

T Hybr id = c · T U pper .

3.4

(4)

Should the Hybrid Algorithm be Used?

Observe in Equation 4 that depending on the values of f , rc (or
rд ), and c, the model may yield a response time greater than the
CPU/GPU-only algorithms. Since deriving the contention factor
(Equation 3) requires measuring Th , it can be compared to determine whether Th > min(Tc ,Tд ). If this is the case, then the hybrid
algorithm should not be used as it leads to performance degradation
relative to the CPU/GPU-only algorithms.

3.5

CPU-only Model: Saturated Memory
Bandwidth

Gowanlock et al. [12] and Shanbhag et al. [26] model CPU database algorithms assuming they saturate main memory bandwidth.
We use the external memory model to ensure that our algorithms
minimize loads and stores (Section 1).

This model gives an indication of how memory-bound an algorithm is. If the model accurately captures the performance of
the CPU-only algorithm, then this indicates that the algorithm is
largely memory-bound and computation is negligible. Otherwise,
a non-negligible fraction of the time is spent doing computation.
The generalized model is:
l ·n ·8 m ·n ·8
T C PU −only =
+
,
(5)
σ
ω
where σ and ω are the read and write memory bandwidth in
bytes/s. In all algorithms, l and m are coefficients of n that describe
the number of 8-byte data elements that are read and written. Thus,
the modeled time is the total size read (written) divided be the read
(write) memory bandwidth. On our platform σ = 43.93 GiB/s and
ω = 19.14 GiB/s.
We do not include a similar GPU-only model that examines
whether the GPU saturates on-card global memory bandwidth. Because we require the final result set to be stored in main memory,
such a model would not capture memory bandwidth saturation
as the algorithms are limited by the PCIe v.3 interconnect. Consequently, regarding the primitives that we examine, we assume
that computation is (nearly) free on the GPU. In the evaluation, we
quantify the time spent performing GPU work.

4

HYBRID ALGORITHMS

There does not exist a standard set of benchmarks for hybrid database primitives. Therefore, we use the algorithms proposed by
Gowanlock et al. [12] that introduced hybrid batched predecessor
search, multiway merge, and k-way partitioning algorithms. In
addition, we have implemented scan as it provides an example of
an algorithm that is unlikely to perform well on the GPU when
accounting for data transfers. We describe several assumptions
below.
Mapping Threads to Tasks: We employ multiple CPU threads for
reading/writing data, such that we can saturate memory bandwidth
if a given algorithm is memory-bound. We use ns CUDA streams
to saturate PCIe bandwidth and overlap data transfers, where CPU
threads orchestrate memory transfers between the host and GPU.
We use the data transfer methods of Gowanlock and Karsin [11]
that examined the impact of data transfers on hybrid CPU/GPU
sorting.
I/O Optimality: All of the algorithms (CPU/GPU-only and hybrid) are optimal in the external memory model. Consequently, the
minimum amount of data is transferred between main memory and
the CPU/GPU. Since database operations are data-intensive, using
the EM model allows for I/O-efficient hybrid CPU/GPU algorithms.
Using Batches: We parallelize the algorithms by partitioning the
input into several batches to be executed on the CPU or GPU. We
denote the number of batches as nb , and set nb to avoid the negative
effects of load imbalance. For scan, batched predecessor search, and
partitioning we set nb = 400. For the multiway merge primitive,
nb is a function of k to mitigate overheads (batches may be so
small that overheads are non-negligible). Batches enable parallel
computation and fit within GPU global memory capacity. Since
we examine large input sizes (up to the maximum main memory
capacity of the platform), the overhead required to partition the
data into batches is negligible.
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4.1

Algorithm Test Suite

We rely on algorithms from the literature. For convenience, we
briefly describe the hybrid algorithms presented in Gowanlock et al. [12],
but refer the reader to that work for more information. Also, we
illustrate the scan algorithm that was not employed in that work.
4.1.1 Scan. Scan is an operation used extensively by database
systems, such as finding the minimum or maximum value in a
table. We define scan as follows, and use the max function, which
requires reading all n elements in a list to find the maximum value
(alternatively, we could use a different function, such as min, but the
complexity is the same). Let A be an unordered array of n elements.
We find x ∈ A such that for all y ∈ A, x ≥ y, i.e. x = max(A). We
selected scan as it has a high memory access to compute ratio, which
makes it a poor candidate for acceleration on the GPU; therefore, it
may indicate the limits of hybrid CPU/GPU computation.
CPU-Only Algorithm: The algorithm iterates over array A to
find max(A). This loop is trivially parallelized using the maximum
reduction in OpenMP [4], where n elements are read from main
memory to the CPU, and O(1) elements are transferred to main
memory.
GPU-only Algorithm: We split A into nb batches of equal size and
transfer each batch from the host to the GPU (HtoD) using ns CUDA
streams. Then, the maximum of each batch Bi , i = 1, 2, . . . , nb
is found. Each CUDA stream is assigned a local maximum on
the device in global memory denoted as M local
, and temporary
j
t emp

storage for the current maximum being computed M j
, where
j = 1, 2, . . . , ns .
Each CUDA stream computes nnbs batches2 . At each kernel invocation that executes a batch in a stream, the maximum value
t emp
t emp
in Bi is stored in M j
. Then, M j
is compared to the local
maximum found in the stream thus far, and is updated accordingly,
t emp
i.e., M local
= max(M j
, M local
). Once this has been done for
j
j

all batches across all streams, the array of local maximums, M local
,
j
are transferred to the host where the global maximum is computed.
Therefore, max(A) = max(M 1local , M 2local , . . . , Mnlocal
). Thus, n els
ements are transferred to the GPU, and since ns ≈1, O(1) elements
are transferred back to the host.
Hybrid Algorithm: To combine the CPU and GPU algorithms,
we utilize the batching scheme to split A into several batches,
which allows us to split the total work between architectures.
Each batch contains nnb elements. Since max(A) = max(max(B 1 ),
max(B 2 ), . . . , max(Bnb )), queries can be executed independently
on both architectures.

batches of size n/nb to find the predecessor of each query. The
algorithm reads and writes a total of 2n and n elements in main
memory, respectively.
GPU-only Algorithm: An upper bound binary search is executed
on each b j ∈ B. Unlike the CPU-only algorithm, the GPU algorithm
must be able to independently compute the queries, which is not
possible with the CPU-only approach using the merge find. The
BPS algorithm reads and writes a total of 2n and n elements in main
memory, respectively.
Hybrid Algorithm: Similarly to scan, we split the work between
each architecture using batches. In the case of BPS, A and B are
partitioned into nb value-disjoint batches that can be computed
on either architecture. We denote each batch as Bi , where i =
1, 2, . . . , nb . Based on a given value a ∈ A, we find the pivots in B
that split the data. Each batch contains roughly nnb elements in A
and B.
4.1.3 Multiway Merging (MWM). Takes as input a list, A, of k
sublists sorted in non-decreasing order, denoted as S j , where j =
1, 2, . . . , k, where each sublist is of size nk 3 . The output contains
n sorted elements. Furthermore, we assume that k is small such
that elements loaded from each sublist do not negatively impact
CPU cache utilization (e.g., for very large k, cache utilization may
degrade).
CPU-Only Algorithm: We use the MWM provided by the GNU
parallel mode extensions [27]. A total of n elements are read and
written to/from main memory (2n total).
GPU-only Algorithm: A is divided into nb batches that contain
elements from all k lists. Pivots divide A into value-disjoint batches.
Each batch is transferred to the GPU to generate a sorted list, which
is transferred back to main memory. Merging on each batch is
performed by performing a pairwise merge k − 1 times. The output
is the concatenation of the output of each batch.
Hybrid Algorithm: As with the previous algorithms, we split the
work between CPU and GPU, by assigning a fraction of the nb
batches to each architecture.

4.1.2 Batched Predecessor Search (BPS). Let A be keys and B be
queries both of which are sorted in non-decreasing order. Each key
is denoted as ai , where i = 1, 2, . . . , n, and each query is denoted
as b j , where j = 1, 2, . . . , n. The batched predecessor search (BPS)
finds the largest value of i for each b j ∈ B, such that ai ≤ b j . In our
evaluation, we assume |A| = |B| = n.
CPU-Only Algorithm: For each b j ∈ B, the algorithm executes a
merge find which finds the index in A without merging [6]. A and
B are partitioned into nb batches, where each processor computes

4.1.4 Partitioning. Let A be an unsorted list of n elements, that is
partitioned into k nearly equal sized value-disjoint buckets (A1 , A2 ,
. . . , Ak ). The lower bounds for partitioning n elements into k buckets is O(n log k) in the RAM and O( Bn logM /B k) EM models. Repeatedly partitioning n into M
B buckets (which can be done in a
single I/O-efficient scan) achieves the external memory bound.
To enable I/O efficiency, we assign a local cache to each bucket
while reading the data. The caches are written to main memory
when they reach capacity. Each bucket requires a cache of a size
B such that it is partitioned into M
B buckets during a single scan.
Multiple scans are required if k > M
B . µ is the number of buckets
partitioned at each scan.
CPU-only Algorithm: The CPU algorithm performs a series of
passes; at each pass, each partition is further split into µ subpartitions. ⌈log µ k⌉ passes are needed. Since the ideal choice of
µ depends on the size of the CPU cache system, we empirically determine the choice of µ in Section 5.5. During each pass, each CPU
thread computes a subset of the input, A, and stores a thread-local

2 In

3 For

each algorithm, for illustrative purposes, we assume without the loss of generality
that n s evenly divides nb .

illustrative purposes, and without the loss of generality, we assume k evenly
divides n .
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5 EVALUATION
5.1 Experimental Methodology
Our platform contains 2× Intel Xeon E5-2620 v4 CPUs, with 16
total physical cores, at a clock rate of 2.1 GHz, and 128 GiB of main
memory, equipped with a GP100 with 16 GiB of global memory.
Host code is compiled with the O3 optimization flag using the GNU
compiler. CPU code is parallelized using OpenMP [4]. GPU code is
written in CUDA 9.
The selected primitives span a large range of values of f (0.34 −
0.71). The throughput of all algorithms is independent of n, and
MWM and k-way partitioning algorithms are dependent on k. These
properties provide a good testbed for examining a range of dataintensive workloads. We use 8-byte data elements and all results
are averaged over 5 trials. All preprocessing work, such as generating batches is included in the response time. For the batched
predecessor search, scan, and partitioning algorithms, nb =400 is
selected. MWM uses a batch size as a function of k; otherwise, the
batches may be too small which would add unnecessary overhead.
Configurations of the CPU-only, GPU-only, and hybrid algorithms are described as follows. •CPU-only: 16 threads are executed corresponding to the number of physical cores on our platform. If an algorithm is memory-bound this allows it to saturate
main memory bandwidth, and if an algorithm is compute-bound, it
allows it to utilize all of the CPU cores. •GPU-only: ns =8 streams
with 8 CPU threads are used to enable saturating bi-directional
memory bandwidth over PCIe. Each stream uses pinned memory
as a staging buffer of size 8 MiB to copy the data HtoD or DtoH .
The small size of the buffer reduces allocation costs [11]. •Hybrid:
The combined CPU/GPU-only algorithms above with 24 total CPU
threads. We oversubscribe the system with more threads than physical cores to permit memory bandwidth saturation and to exploit
all CPU cores.

5.2

Scan

We use scan as an example of a memory-bound algorithm that when
executed using the CPU and GPU may not offer any performance advantage over the CPU-only algorithm. Using the recipe in Section 3,
we obtain Tc =3.313 and Tд =8.263 for n=4 × 109 . From Equation 1,

22.35
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Load Imbalance
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Time (s)

cache for each bucket. As A is scanned, threads write their buckets
to shared output in main memory. Each thread maintains µ small
caches at each scan (we select 1024 elements per cache). Each of
the p threads reads np elements and writes np elements back at each
pass, for a total of 2n elements across all threads.
GPU-only Algorithm: k-way partitioning is simplified on the
GPU by sorting batches rather than bucketing, as there are efficient
sorting libraries for the GPU. First, k pivots are transferred HtoD.
Next, A is partitioned into nb batches that are sorted. Then, the
GPU determines which portions of the batch belong to each bucket
using a binary search. When the sorted batch is copied DtoH , the
data is copied into the associated bucket in main memory.
Hybrid Algorithm: As with the other algorithms, the CPU and
GPU are assigned independent batches to compute. The GPU component writes the final buckets after each DtoH transfer of a batch
has completed. This eliminates overhead from merging two sets of
buckets (one for the CPU and GPU) at the end of the computation.
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Figure 3: Left: Response time vs. input size (n) comparing
CPU-only, GPU-only, and hybrid BPS algorithms, T Hybr id ,
T U pper , and T C PU −only where the total memory footprint,
3n, is plotted in GiB on the top horizontal axis. Right: Load
imbalance of the hybrid algorithm on the left.
we obtain f =0.71. Executing the hybrid algorithm with f =0.71, we
obtain Th =3.449 and c=1.47. Therefore, since Th > min(Tc ,Tд ), the
hybrid algorithm offers no performance gain over the CPU-only algorithm. Consequently, we do not show response times and models
for scan, since the hybrid algorithm does not offer a performance
advantage. Scan is similar to that shown in Figure 1(b), where either
the CPU or GPU performs most of the computation, which limits
the potential of a hybrid algorithm.

5.3

Batched Predecessor Search

Using the recipe in Section 3, we model BPS using T U pper , T Hybr id ,
and T C PU −only . We measure the CPU-only and GPU-only algorithms for n=3 × 109 (the median value of n examined). The CPUonly and GPU-only execution time is Tc =7.122 s, and Tд =7.804 s,
respectively. Using Equation 1, and computing rc and r tot , we obtain f =0.52. Using Equation 3, and executing the hybrid algorithm
with f =0.52, we obtain Th =4.750, yielding c=1.28. The values of
f and c are used in Equations 2 and 4 to compute T U pper and
T H ybr id for varying n. Since Th < min(Tc ,Tд ) we expect that the
hybrid algorithm outperforms the CPU/GPU-only algorithms.
The CPU-only algorithm reads 2n elements and writes n elements from main memory, and in Equation 5 we set l=2 and m=1;
therefore, T C PU −only = 2·nσ ·8 + nω·8 .
Figure 3 plots the response time vs. n for BPS, illustrating the
CPU-only, GPU-only and hybrid algorithm response times, the
hybrid modeled upper bound, hybrid model with contention, and
modeled CPU-only algorithm assuming saturated memory bandwidth. We observe that there is a non-negligible difference between
T H ybr id and T U pper . Since the contention factor c=1.28, we expect
that contention would negatively impact performance. Interestingly,
comparing the measured CPU-only execution time to the model,
T C PU −only , we find that the model significantly underestimates
the response time. This indicates that the algorithm performs significant computation. Also, it explains why the hybrid algorithm
is able to achieve a speedup over the CPU-only algorithm (of up
to 1.56×), as memory bandwidth must not be fully saturated to
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allow the GPU to perform its memory operations and achieve reasonable performance gains. Furthermore, observe that the load
imbalance between the CPU and GPU components is fairly low
(≤ 25%), indicating that the model yields a good value of f 4 .
Note that the load imbalance varies with n in Figure 3 due to
non-uniform memory accesses (NUMA) that cause variation in
response times. For example, at n=109 , the response time is 1.71 s
with σ = 0.071 across the time trials. However, if we disable NUMA
and only use a single CPU socket (8 cores), the response time is
2.59 s with σ = 0.019; thus, the standard deviation decreases at the
expense of reduced performance. We omit showing the performance
with NUMA disabled and associated standard deviation in future
experiments, as results are similar.
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Multiway Merge

imbalance is computed as: |TC P U − TG P U | /T , where TC P U and TG P U are
the times when the CPU and GPU finish executing their batches, respectively, and T
is the total response time.
5 Because we do pairwise merging, for each CUDA stream we allocate memory for
2 · k · nn 64 bit integers. Therefore, the value of nb is a function of k rather than a
b
constant.
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To develop the models, we use the recipe in Section 3 . Since the complexity of MWM is O(nlogk), we need separate time measurements
for each value of k. For the following, we use n = 4 × 109 and set
nb = 3200
k due to the amount of memory required to perform MWM
on the device5 . For k=2, Tc =4.532, Tд =5.663, f =0.56, Th =3.458, and
c=1.36. For k=8, Tc =9.072, Tд =5.949, f =0.40, Th =4.631, and c=1.28.
For k=32, Tc =14.093, Tд =7.304, f =0.34, Th =6.026, and c=1.26. For
all values of k, since Th < min(Tc ,Tд ), we expect that the hybrid
algorithm outperforms the CPU/GPU-only algorithms.
The CPU-only algorithm reads and writes n to and from main
memory. Therefore, using Equation 5, we set l=m=1, and obtain
T C PU −only = nσ·8 + nω·8 .
Figure 4 shows runtimes for our CPU-only, GPU-only, and hybrid
algorithms along with the modeled values T C PU −only , T H ybr id ,
and T U pper . We show k ∈ {2, 8, 32} in Figure 4(a), (b), and (c),
respectively. When k=2 we find the runtimes of the CPU-only and
GPU-only algorithm are quite similar. Thus, we expect that an
even split of the work between architectures will yield a moderate
speedup over either of the single-architecture algorithms. The low
load imbalance shown in Figure 4(a) shows that this is the case.
Consequently, we find an average speedup of 1.39× over the CPUonly algorithm, and an average speedup of 1.69× over the GPU-only
algorithm. Despite this, we observe the non-negligible impact of
contention (c = 1.36) means T Hybr id is much larger than T U pper ,
and peak performance cannot be achieved.
In Figure 4(b), the results for k=8 are shown. We note the degradation in CPU-only performance due to the non-constant factor in
the complexity of MWM. T C PU −only illustrates the impact of this
factor; our generalized CPU-only model assumes that computation
is free, yielding fixed values of T C PU −only across different values
of k. The performance of the GPU-only algorithm is independent
of k, indicating the bandwidth of the PCIe interconnect is a bottleneck for performance. Observe the low load imbalance across each
value of n, demonstrating that our model’s value of f =0.40 evenly
distributes the batches across different architectures. We observe
that the hybrid algorithm achieves an average speedup of 1.82×
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Figure 4: Left: Response time vs. input size (n) comparing CPU-only, GPU-only, and hybrid MWM algorithms,
T H ybr id , T U pper , and T C PU −only where the total memory
footprint, 2n, is plotted in GiB on the top horizontal axis.
Right: Load imbalance of the hybrid algorithm on the left.
In (a), (b), and (c), we show k=2, 8, and 32, respectively.
over the CPU-only algorithm, and an average speedup of 1.28×
over the GPU-only algorithm. Similar to when k=2, contention
is a non-negligible factor in runtime performance; thus, optimal
performance, T U pper , is not achieved.
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Table 1: Measured times and computed parameters for partition with n=3 × 109 , and µ=32 for the CPU algorithm.
Tд
8.97
9.11
9.26

f
0.426
0.421
0.419

Th
6.86
6.91
7.03

c
1.33
1.32
1.34

When k=32, the O(n log k) complexity further degrades CPUonly performance, and our model yields f =0.34. With a large majority of the work being done on one of the architectures, MWM resembles an algorithm shown in Figure 1(b), and a negligible speedup
over the GPU-only architecture is to be expected. However, since
Th < min(Tc ,Tд ), we expect that the hybrid algorithm outperforms
the CPU-only and GPU-only algorithms, as shown in Figure 4(c).
Across all values of n, an average speedup of 2.26× over the CPUonly algorithm, and an average speedup of 1.20× over the GPU-only
algorithm is shown. The low load imbalance indicates that f =0.34
determines an appropriate batch distribution between the CPU and
GPU. As the memory contention factor c=1.26 is large, there is a
notable difference between T Hybr id and T U pper .
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Figure 5: Left: Response time vs. input size (n) comparing
CPU-only, GPU-only, and hybrid partitioning algorithms,
T H ybr id , T U pper , and T C PU −only where the total memory
footprint, 3n, is plotted in GiB on the top horizontal axis.
Right: Load imbalance of the hybrid algorithm on the left.

algorithm. This assumption allows us to select the fraction of work
assigned to the CPU and GPU (f ), and develop the upper bound
5.5 Partitioning
hybrid model (T U pper ). It is possible that the throughput ratios
As discussed in Section 4.1.4, our CPU partitioning algorithm relies
are not the same, due to unexpected performance behavior that
on the additional parameter, µ, that determines the number of
arises with contention for memory bandwidth (e.g., one hybrid
rounds (and therefore amount of work) that the CPU must perform.
component is more resilient to contention than the other).
Since the ideal choice of µ depends on the CPU hardware features,
We hypothesize that contention from the CPU component of the
we measure this value empirically on our platform and determine
hybrid algorithm should decrease the rate at which GPU kernels
that µ=32 provides the best average performance on a range of k
can be launched, as each kernel requires memory operations be
values. Thus, on our platform we use µ=32 for all experiments.
performed before execution (i.e., copying data into pinned memory
As with MWM, the complexity of partition depends on k (the
buffers, sending the data to the GPU, and copying data back to the
CPU-only algorithm is O(n log µ k)). Thus, we measure execution
host). By comparing the total fraction of time executing kernels between the GPU-only and GPU component of the hybrid algorithm,
times and compute parameters for several values of k, using n=3 ×
we can observe whether contention is decreasing the fraction of
109 and µ = 32 for all measurements, with results listed in Table 1.
time spent executing kernels in the hybrid algorithm.
We see that the GPU performs partitioning somewhat faster across
The fraction of the total time executing kernels for the hybrid
all values of k. The ratio of CPU to GPU performance remains
algorithm is Tk /TGPU , where Tk is the total time executing kersomewhat consistent, so f and c are approximately the same for
nels and TGPU is time total time executing the GPU component
all values of k (f ≈ 0.42 and c ≈ 1.32).
of the hybrid algorithm. Regarding the GPU-only algorithm, the
For more detailed analysis, we focus on the case where k=1024
and computeT C PU −only using Equation 5. For this case, l=m= log µ k=2, fraction is simply Tk /T , where T is the total algorithm response
·8
time. Table 2 shows the fraction of time performing computation
therefore T C PU −only = 2·nσ ·8 + 2·n
ω . Figure 5 plots the CPUacross all algorithms for median values of n in the experiments. The
only, GPU-only, and hybrid response times vs. n for this case. We
fraction of time performing computation in the hybrid algorithm
observe a substantial difference between the modeled CPU-only
is less than the GPU-only algorithm. This is because memory conC
PU
−only
(T
) and measured response times, indicating that partitention decreases the rate at which kernels can be launched. Thus,
tioning is not memory bound on the CPU. Additionally, the meacontention reduces the GPU’s ability to perform computation.
sured hybrid response time achieves a respectable fraction of the
Observe that the ratio of time performing computation in the
U
pper
upper bound throughput given by T
.
GPU-only to hybrid algorithms is roughly consistent with the modeled values of c in all algorithms (i.e., for BPS, the ratio is 1.25 and
5.6 GPU Computation Time: Effect of
c=1.28). We expect these to be consistent if the assumption was
Contention and Validation of Model
correct; therefore, we believe that this model assumption is verified
Assumptions
through this experiment.
We have made several model assumptions in Section 3 that are used
Assumption 2: Computation on the GPU is assumed to be nearly
to examine the research questions in Section 1. We describe and
negligible because the cost of transferring data to and from the GPU
validate two assumptions as follows.
dwarfs GPU computation cost. This assumption can be validated
Assumption 1: The ratio of the CPU-only to GPU-only throughput
by simply examining the fraction of time computing on the GPU
is the same as the ratio of the CPU to GPU throughput of the hybrid
relative to the total execution time of the GPU-only algorithm.
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Table 2: Fraction of time spent executing kernels comparing
GPU-only to hybrid algorithms for each primitive (excluding scan), the ratio of the GPU-only to hybrid computation
times, and the modeled values of c that indicate contention.
Algorithm
BPS
MWM (k =2)
MWM (k =8)
MWM (k =32)
Partition (k =1024)

n (×109 )
3
4
4
4
3

GPU-only
0.065
0.030
0.077
0.295
0.096

Hybrid
0.052
0.024
0.065
0.235
0.063

Ratio
1.25
1.25
1.18
1.26
1.53

c
1.28
1.36
1.28
1.26
1.32

6
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8

Figure 6: Total BPS response
time vs. the number of batches,
nb , for n=4.0 × 109 . We omit
showing the other algorithms
as results are similar.

Number of Batches (nb)

Table 2 supports this assumption, as GPU computation is a small
fraction of the total response time in each algorithm.

5.7

Performance Impact of Batching

We split the work into several independent batches. Each batch
computes some fraction of the total work, and as explained in
Section 4, we set nb =400 in all experiments except for MWM, where
we set nb = 3200
k (Section 5.4). Figure 6 plots the response time of
BPS vs. nb . The response time roughly decreases with increasing
nb . Thus, a small number of batches degrades performance due
to load imbalance. The response time is roughly independent of
nb when nb ≥ 400 indicating that the use of many independent
batches does not degrade performance.

5.8

Accuracy of Splitting the Work

Figure 7 illustrates how well the model splits the work between the
CPU and GPU by executing each primitive that should employ the
hybrid algorithm (BPS, MWM, and partitioning) for varying values
of the fraction of work computed on the CPU (f ). We use n=4 × 109
for all algorithms. In the figure, TC PU and TG PU correspond to
the times at which the CPU and GPU complete computing their
batches. We find that across all algorithms, the value of f shown
by the vertical dashed line, yields an efficient distribution of work
between architectures, as each architecture completes its work at
roughly the same time. Additionally, this experiment validates our
model assumption that the ratio of the throughput achieved on
CPU-only to GPU-only algorithms is consistent with the ratio of
the CPU and GPU components of the hybrid algorithms.

5.9

Discussion: Comparison with Prior Work

As discussed in Section 1, the prior work of Gowanlock et al. [12]
only considered a model that splits the work between the CPU and
GPU, which (i) assumed that algorithms saturate main memory
bandwidth; (ii) assumed that computation was free; and (iii) did not
consider contention. In contrast, we find the following: (i) memory

Table 3: Speedup of the hybrid over CPU/GPU-only algorithms averaged across all values of n in Figures 3–5.
Algorithm
BPS
MWM (k =2)
MWM (k =8)
MWM (k =32)
Partition (k =1024)

f
0.52
0.56
0.40
0.34
0.42

c
1.28
1.36
1.28
1.26
1.32

CPU-only
1.44×
1.39×
1.82×
2.26×
1.79×

GPU-only
1.68×
1.69×
1.28×
1.20×
1.36×

bandwidth was not saturated on the three hybrid database primitives explored in their work; (ii) computation has a non-negligible
cost; and, (iii) contention plays a significant role in degrading hybrid algorithm performance.
To elaborate on the above, Figure 6 in Gowanlock et al. [12]
shows high load imbalance in the multiway merge algorithm due to
their assumption that computation is free. In contrast, our proposed
model is able to accurately predict the response time of the multiway
merge algorithm. From our analysis, we know that computation
is minimal when k=2, but has a significant impact when k=32;
therefore, this explains the poor load imbalance in their work.
Comparing Figure 7 in our paper to Figure 9 in Gowanlock et al. [12],
we find that their model achieves a good distribution of work between CPU and GPU. We believe that their model is accurate for
the wrong reasons. Overall, comparing the load imbalance of the
individual algorithms between our work and Gowanlock et al. [12],
we find that our algorithms typically achieve lower load imbalance.

6

CONCLUSIONS

We conclude by answering the questions outlined in Section 1.
Are data-intensive workloads amenable to heterogeneous architectures? We examined four data-intensive algorithms that are at
first glance unsuitable for execution on the GPU. Our results show
that there are substantial performance benefits to using a hybrid
CPU/GPU approach (see Table 3).
Is main memory bandwidth saturated by canonical algorithms?
The BPS, MWM, and partitioning primitives did not saturate memory bandwidth. The scan algorithm is able to saturate main memory
bandwidth, but it is unsuitable for a hybrid execution.
What algorithm properties indicate that they will yield good performance when executed in a hybrid fashion? From Table 3, MWM with
k=32 has the lowest value of f and has the smallest contention factor c, indicating that it is highly amenable to execution on the GPU.
In contrast, MWM with k=2 yields the highest value of f in Table 3
and has the largest contention factor c, which indicates that it is
more amenable to the CPU. Therefore, f and c are correlated. We
find that algorithms with random memory accesses, that perform
significant computation, and that have low contention, are able
to best exploit the GPU. Algorithms with linear memory accesses,
such as scan perform best on the CPU. Hybrid algorithms require
relatively low memory contention, such that the GPU can perform
its operations without substantially reducing CPU throughput, and
we observe this occurs when f ≲ 0.5. If f is too low, then the
contribution of the CPU to the hybrid algorithm is minimal.
To what extent does memory contention degrade the performance
of a hybrid algorithm? Excluding scan, we found that the average
slowdown across all values of n of the hybrid algorithm relative
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Figure 7: Accuracy of splitting the work shown as the total response time vs. the fraction of work assigned to the CPU, f . A
value of f =0 indicates that all work is assigned to the CPU, whereas f =1 indicates that all work is assigned to the GPU. The
modeled value of f is shown as the vertical dashed line. TC PU and TGPU correspond to the times at which the CPU and GPU
complete computing their batches. MWM is configured with k=8; partitioning is configured with µ=32 and k=1024.
to the upper bound modeled throughput was 0.73×–0.80×. Thus,
contention has a non-negligible impact on performance.
Future work includes examining new host-device interconnects
and multi-GPU systems. Only two GPUs are needed to saturate
main memory bandwidth with NVLink 2.0 [20] which will increase
memory pressure, and thus contention. This will limit the efficacy
of using multi-GPU systems for data-intensive workloads. Given
the heterogeneous nature of emerging computing systems, new
techniques need to be considered to overcome these performance
limitations. Other future work includes comprehensively examining
the impact of NUMA on the performance of the hybrid algorithms.
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