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Abstract

We present a novel multi-dimensional range query co-processing scheme for

the CPU and GPU. It has been reported that traversing hierarchical tree struc-

tures in parallel is inherently not efficient because of large branching factors.

Besides, it is known that the recursive tree traversal algorithm required for

multi-dimensional range queries is not well suited for the GPU architecture

owing to its small shared memory.

In this paper, we propose co-processing range queries using both the CPU

and GPU to make the most use of each architecture. In Hybrid tree that we

present in this paper, we let CPU navigate the internal nodes of hierarchical

tree structures and make GPU scan leaf nodes in a linear fashion using a mas-

sively large number of processing units. With the co-processing scheme, we can

asynchronously leverage the strengths of each architecture. We also propose a

novel dynamic GPU block scheduling algorithm for multiple range queries. In

our scheduling algorithm, we consider the selection ratio of each query to de-

termine the number of GPU blocks to launch. By assigning the right number

of GPU blocks, we can significantly improve the query processing throughput

for multiple concurrent queries. Our extensive experimental study shows that

the proposed co-processing scheme shows up to 12x faster query response time

than the state-of-the-art GPU tree traversal algorithm. We also show that
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our dynamic GPU block assignment algorithm improves the query processing

throughput by up to 4x.

Keywords: GPU, Multi-dimensional Indexing, Query Co-processing, Parallel

Indexing
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1. Introduction

Scientific applications process truly large amounts of multi-dimensional datasets.

To efficiently navigate such datasets, various multi-dimensional indexing struc-

tures, such as the R-tree [1], have been extensively studied in the past.

In the past decade, GPU has emerged as a cost-effective performance accel-5

erator and various application domains, including medical image processing [2],

computational chemistry [3], and particle physics [4], now leverage the mas-

sively parallel GPU architecture.

However, it has been reported that hierarchical multi-dimensional tree struc-

tures are inherently not well suited for parallel processing as their tree traver-10

sal paths are not deterministic because of large branching factors. Moreover,

their irregular memory access patterns make it difficult to exploit massive par-

allelism [5]. On a GPU, recursive tree traversal often fails owing to its tiny

run-time stack and small cache memory. Therefore, various brute-force linear

scanning approaches instead of hierarchical tree-structured indexing have been15

employed in the literature [6, 7].

Recently, despite the difficulties of tree-structured indexing on the GPU, a

few hierarchical tree-structured indexing techniques have been proposed for the

GPU [8, 9, 10, 11, 12]. Massively Parallel Three-phase Scanning (MPTS) [12]

and Massively Parallel Restart Scanning (MPRS) [9] are alternative tree traver-20

sal algorithms that scan multiple R-tree leaf nodes in a sequential fashion in

order to avoid backtracking and minimize the warp divergence while effectively

pruning a large portion of the tree nodes. They are shown to outperform CPU-

based indexing and brute-force scanning methods on the GPU in terms of both
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query response time and query processing throughput. However, their perfor-25

mance gain mostly comes from leaf node scanning and the internal node traversal

on the GPU suffers from the warp-divergence problem.

Another important drawback of the existing tree-structured indexing on the

GPU is that the entire index must fit in GPU device memory. If an index is

larger than the GPU device memory, some parts of the index must be managed30

in host memory. Recent advancements in GPU technologies have enabled GPU

to directly access host memory via NVLink [13]. However, because the tree

traversal path is non-deterministic, on-demand tree node fetching from host

memory can significantly reduce query processing performance. To mask the

tree node-fetching overhead, we can partition an index into sub-indexes and35

make the CPU process one of the sub-indexes while fetching another sub-index

from host memory to GPU device memory.

In this work, we propose Hybrid tree, which partitions the R-tree into internal

tree nodes and leaf nodes and stores them in CPU host memory and GPU device

memory, respectively. The leaf nodes are stored as a single contiguous array,40

which we refer to as a leaf array. By statically partitioning the R-tree index

into the CPU and GPU parts, we can concurrently utilize both the CPU and

GPU and maximize the parallelism. For the internal tree nodes, the CPU

achieves better performance than the GPU because it does not suffer from the

warp divergence problem caused by conditional branches in the hierarchical tree45

structures. For the leaf nodes, the GPU scans a large number of leaf nodes in

parallel according to the selection ratio of the range query. Since the GPU is

known to be superior to the CPU for such parallel scanning.

A key challenge in this query co-processing is how to balance the workload

between the CPU and GPU. First, we explore the opportunities for balancing50

the workload between the CPU and GPU for a single multi-dimensional query.

This can be achieved by adjusting the length of the parallel scan in the leaf array.

Next, we investigate how to co-process multiple concurrent multi-dimensional

queries to improve the query processing throughput. With multi-core CPUs,

multiple queries can concurrently traverse internal nodes for multiple queries;55
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however, they need to share the GPU blocks. Since the search paths of queries

are usually different, each query accesses different parts of the leaf array and we

need to schedule the GPU blocks for them. In this work, we present a dynamic

GPU block scheduling algorithm for multiple query co-processing.

The contributions of this paper are summarized as follows.60

• Query co-processing on heterogeneous architectures

We propose a novel co-processing scheme for multi-dimensional range

query. Our proposed algorithm asynchronously executes CPU and GPU

computations and effectively overlaps the query processing time. By lever-

aging both the CPU and GPU, we can reduce the amount of brute-force65

scanning on the GPU and the number of internal nodes visited on the

CPU.

• Dynamic GPU block scheduling for multiple range queries

Balancing the workloads between the CPU and GPU is important in im-

proving the query processing throughput and response time. To efficiently70

process multiple concurrent queries, we propose a dynamic GPU block

scheduling algorithm that assigns more GPU blocks to the queries that

can be rapidly processed by sequentially accessing a large number of leaf

nodes.

The experimental results show that the proposed multi-dimensional range75

query co-processing scheme improves the query response time by up to 12x and

the multiple query processing throughput by up to 4x.

The remainder of this paper is organized as follows. In section 2, we present

previous related work as background. In section 3, we describe the details of

our proposed heterogeneous co-processing scheme for multi-dimensional index-80

ing. Subsequently, our experimental results and analysis of the performance are

presented in section 4. In section 5, we conclude this paper.
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2. Related Work

In the computer graphics community, various techniques have been proposed

to overcome the tree recursion problem on the GPU [14, 15, 16, 17]. Foley et85

al. [14] proposed restarting tree traversal instead of backtracking. Hapala et

al. [15] proposed enabling backtracking via auxiliary parent link pointers. Horn

et al. [18] employed a small stack that leaks from the bottom when the fixed-

sized stack becomes full. While these algorithms are designed for computer

graphics applications and are proven to improve query processing throughput,90

they are not designed to improve the query response time of individual queries.

In scientific applications, the number of concurrent queries is usually orders of

magnitude smaller than the number of rays in computer graphics. Hence, such

task-parallel stackless tree traversal algorithms are not sufficient in the scientific

applications domain.95

To improve the query response time, multiple processing units are required

to cooperate in order to process a single query. The easiest form of data paral-

lelism in indexing is brute-force scanning. Although brute-force scanning meth-

ods access the entire or a large portion of datasets, they have been shown to

outperform the CPU-based tree-structured index by exploiting a large number100

of processing units and high memory bandwidth of the GPU [6, 7].

For a data-parallel tree-structured index, Kim et al. proposed FAST (Fast

Architecture Sensitive Tree) [8]. To maximize the thread-level parallelism on

the GPU, FAST rearranges a binary search tree into tree-structured blocks

considering the cache line size, page size, and SIMD width. Each block of105

FAST is a parallel processing unit in a single streaming multiprocessor (SMP),

which is similar to the tree node of n-ary trees, such as the B-tree. The block

size of FAST is chosen to maximize the memory bandwidth of the GPU device

memory. Unlike our work, FAST is designed for one-dimensional query, and

does not consider co-processing.110

Shahvarani et al. [10] proposed the HB+tree, similar to our work, which also

utilizes both the CPU and GPU. In the HB+-tree, internal nodes are duplicated
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in the GPU device memory so that the GPU can concurrently process them in

parallel. Unlike the HB+tree, we use the GPU for leaf node scanning instead

of internal node traversal. Experimental results show that parallel leaf nodes115

scanning on the GPU is more effective in utilizing the high-memory bandwidth

of GPUs. In addition, the HB+tree is designed for one-dimensional query,

whereas we propose a co-processing scheme for multi-dimensional range query.

As for data-parallel multi-dimensional range query processing on the GPU,

Luo et al. [19] proposed a parallel R-tree traversal algorithm, which employs an120

additional small queue in the shared memory of an SMP to store the bounding

box overlap information. This approach is not scalable because the shared queue

requires a locking mechanism for transaction semantics, which significantly re-

duces the performance.

The MPRS algorithm proposed by Kim et al. [9] is the state-of-the-art multi-125

dimensional indexing on the GPU. It traverses the hierarchical tree structures

from root node to leaf nodes multiple times, as in the kd-restart algorithm.

However, once it visits a leaf node, the MPRS algorithm scans some number of

right sibling leaf nodes instead of backtracking to its parent node. The MPRS

algorithm stops visiting right sibling leaf nodes when it visits a leaf node that130

does not contain any overlapping data points. Instead of accessing the right

sibling leaf nodes further, it restarts the tree traversal from the root node.

Similar to our work, MPRS avoids recursion and the GPU mostly scans leaf

nodes sequentially. However, MPRS is not a query co-processing algorithm,

which is the key contribution of this work.135

3. Co-Processing Hybrid Tree in Parallel

3.1. Hybrid Tree

To co-process a multi-dimensional range query using both the CPU and

GPU, we propose Hybrid tree, which partitions a multi-dimensional index into

upper tree and leaf array, as shown in Figure 1. The upper tree is a traditional140

multi-dimensional tree-structured index that resides in the CPU host memory,
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Figure 1: An example of a co-processing Hybrid tree with CPU and GPU: Leaf node scanning

on the GPU (step 4) overlaps the next tree traversal on the CPU in time(steps 5-7)

and the leaf array is a contiguous memory block in the GPU device memory

that comprises leaf nodes. For the upper tree, any multi-dimensional indexing

structures, such as the R-tree, bounding volume hierarchy (BVH), or KDB-trees,

can be employed.145

The leaf array is logically partitioned into small chunks. Each chunk cor-

responds to a leaf node in a legacy R-tree, except that the chunks are stored

adjacent to each other in a single large contiguous memory block, and the size

of a chunk does not have to be equal to that of the internal tree nodes. For each

leaf node, we build a minimum bounding box (MBB) and store it in the upper150

tree. As we increase the size of a leaf node, the number of leaf nodes decreases

and the size of the upper tree decreases accordingly. In the legacy R-tree, the

size of a tree node is determined by disk block size. However, since our Hybrid

tree is an in-memory index, the size of each leaf node should be determined

considering the relative processing power of the GPU and CPU. If the GPU is155

more powerful, more workload should be assigned to it. We can increase the

workload of the GPU by increasing the size of a leaf node or can ask the GPU

to process multiple leaf nodes. In each leaf node, we store n × k data points,

where k is the number of data points that each GPU thread should process and

n is the number of threads in a single GPU block.160

The size of the MBB is a critical performance factor affecting the search
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performance of indexing structures. To reduce the size of the MBBs of leaf

nodes, data points in the chunk array must be clustered. For this purpose, we

employ a Hilbert space-filling curve [20] that assigns a one-dimensional value

to each multi-dimensional point for maintaining good spatial locality. In other165

words, data points close to each other in multi-dimensional space are given sim-

ilar Hilbert index values. Using the Hilbert index value, we sort the data points

and store them in the leaf array. Sorting is an expensive operation; however,

the GPU can accelerate sorting via various parallel sorting algorithms [21, 22].

Data layout on the GPU device memory is known to have a critical perfor-170

mance impact. A common access pattern into a multi-dimensional index is the

comparison of a query’s coordinate and the MBB coordinates in a particular

dimension, which can be performed in a SIMD fashion. To reduce the number

of device memory accesses, we store the sorted data points in the leaf array as

a structure of arrays (SoA) layout shown as follows.175

structure {

float min[nDims*nDegrees]; // lower bounds

float max[nDims*nDegrees]; // upper bounds

}180

With this layout, the coordinates of the data points in the same dimension

are contiguously stored. Hence, this minimizes the number of cache lines that are

brought into the memory. Additionally, we can efficiently check the coordinates

in a SIMD fashion. If we store the data points in an array of structures (AoS)

layout,it may fetch as many cache lines as the number of data points in the185

worst case.

3.2. Co-Processing Hybrid Tree

In our query co-processing algorithm, we let the CPU process the upper tree

while the GPU processes the leaf array. In traditional tree-structured indexing,190
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Algorithm 1 Co-Processing Range Query with Hybrid Tree

void Hybrid RangeQueryProcessing(MBB query, Node root node, int

scan size)

1: long scan start← 0;

2: long scan end← 0;

3: while true do

4: // traverse upper tree : ignore left sub-tree

5: // whose leaf index is smaller than scan end

6: scan start = TraverseUpperTreeOnCPU(query, root node, scan end);

7: // no more node overlaps in upper tree

8: if scan start == 0 then

9: // terminate query

10: break;

11: end if

12: // Start parallel scanning of leaf array on the GPU

13: ScanLeafArrayOnGPU(query, scan start, scan size);

14: // We restart the tree traversal without waiting

15: // for the GPU to finish parallel scanning.

16: scan end = (scan start + scan size);

17: end while

only one tree node is accessed at any level, i.e., we need to visit one of the child

nodes at the next level or return to its parent node for backtracking.

In our novel co-processing algorithm described in Algorithm 1, we make GPU

scan a certain number of leaf nodes in the leaf array. Brute-force exhaustive

scanning poorly performs on the CPU because it has a small number of cores195

and memory bandwidth is low. However, the GPU provides higher memory

bandwidth and it has more processing units than CPU. Hence, brute-force ex-

haustive parallel scanning on the GPU often performs better than on the CPU,

which performs better when executing sophisticated and sequential algorithms.

If an algorithm having a high branching factor is executed on the GPU, it poorly200
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utilizes the high memory bandwidth and suffers from low computational power.

But if simple brute-force algorithms are executed in the GPU, its low com-

putational power is compensated by the high memory bandwidth and massive

parallelism that benefit from a low branching factor.

While the GPU asynchronously processes the leaf array via brute-force ex-205

haustive scanning, we make CPU restart the upper tree traversal from the root

node once again. But this time, the traversal of the tree structure only involves

visiting the leaf nodes that have not been visited. Since we know which part of

the leaf array will be concurrently handled by the GPU, we can make CPU skip

visiting the parent nodes of the leaf nodes that will be accessed by the GPU.210

This is achieved by adding the max leaf node index into the leaf array field in

each internal tree node. In Figure 1, the numbers in the second row of each tree

node are the max heap of the leaf node index. When we traverse the upper tree,

we compare the leaf node index of each child node with the largest leaf node

index of the leaf array to be accessed by the GPU (referred to as scan end).215

By preventing each traversal from visiting tree nodes whose leaf node index is

smaller than the scan end, we can avoid revisiting leaf nodes.

To make the CPU and GPU effectively co-process the internal tree nodes and

leaf nodes, respectively, the amount of workload in the CPU and GPU must be

similar. In our co-processing scheme, the balance between the CPU and GPU220

workloads can be controlled by the scan size. The scan size is the number

of leaf nodes to be scanned by the GPU. In legacy multi-dimensional index

traversal, we backtrack to a parent node after visiting its leaf node. However, in

our co-processing algorithm, we make the GPU visit multiple sibling leaf nodes.

If the scan size is set to be too small, the GPU will wait until the CPU finds225

the starting point of the next leaf node scan (scan start). If the scan size is

chosen to be too large, the CPU will wait for the GPU to finish its brute-force

leaf node scanning. This scanning will ultimately access a large number of data

points that do not overlap a given query range.

The detailed co-processing algorithm is described in Algorithm 1. First,230

the upper tree is traversed by the CPU. TraverseUpperTreeOnCPU() is a func-
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tion that the CPU executes to traverse the upper tree in host memory(line 6).

Note that this function visits the child nodes from left to right when mul-

tiple child nodes overlap a given query. Therefore, the starting leaf node

index of leaf node scanning scan start monotonically increases from left to235

right. If TraverseUpperTreeOnCPU() finds that there are no more overlapping

nodes in the upper tree, it returns 0 and the query processing will be termi-

nated (line 8∼10). If start scan is not zero, we execute the kernel function -

ScanLeafArrayOnGPU() for brute-force scanning(line 13). Since the main CPU

thread does not wait for GPU function to finish, TraverseUpperTreeOnCPU()240

and ScanLeafArrayOnGPU() are executed asynchronously. That is, CPU tra-

verses the upper tree and identifies which parts of the leaf array needs to be

scanned while GPU scans previously identified portion of the leaf array.

Instead of scanning multiple sibling leaf nodes, we may consider simply in-

creasing the size of a leaf node. However, as demonstrated in our experiments,245

the scan size needs to be adjusted per query because the optimal scan size

varies depending on the range query selection ratio. The selection ratio is the

portion of data points that overlap a given range query. In other words, if all

leaf nodes overlap a given query, the selection ratio is 1. If none of the leaf

nodes overlap, the selection ratio is 0. As the selection ratio increases, a larger250

number of leaf nodes must be visited.

Figure 1 illustrates an example of co-processing a multi-dimensional range

query with Hybrid tree index. First, we set scan end to 0 and search the upper

tree from root node ( 1 ). In the root node, we compare the MBB of the first

child node (R1) with a given query. Suppose R1 overlaps the query and its leaf255

node index (6) is greater than scan end (0), we stop further comparisons and

visit the child node I1 ( 2 ). In node I1, we compare the query with the MBB of

each child node from left to right. Assume that R3 does not overlap the query;

however, R4 and R5 overlap. Because R4’s leaf node index (4) is greater than

scan end (0), we visit its child node L2. In L2, we find that R13 overlaps the260

query range ( 3 ) and launch the GPU kernel function to scan the leaf array on

the GPU ( 4 ). Although R13 is the MBB of only three data points (13, 14, and
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Figure 2: Multiple Query Scheduling

15 in this example), the GPU kernel function compares one leaf node with the

query and with a larger number of leaf nodes specified by the scan size ( 4 ).

In this example, the GPU kernel function scans five leaf nodes (total 15 data265

points in total). After launching the GPU kernel function to process the leaf

array, we immediately start the tree traversal for the same query but with an

updated scan end parameter. Because the GPU kernel function will consider

the data points up to 27, the next tree traversal only looks for the internal tree

nodes whose leaf node index is greater than 8 (27 data points). In the root node270

( 5 ), we compare the query with the first entry. Although R1 overlaps the query

range, its leaf node index (6) is smaller than scan end (8). Hence, this time

we do not visit I1. Assume that the next MBB R2 overlaps the query range.

Because R2’s leaf node index (14) is greater than scan end (8), we visit I2.

In I2 ( 6 ), we find that the first MBB R6 overlaps the query range. However,275

because its leaf node index (8) is not greater than scan end (8), we do not visit

L4 but L6 ( 7 ). In L6, we launch the GPU kernel function with new scan start

(12) ( 8 ). After launching the GPU kernel function, we update the scan end.

When we return to the root node of the upper tree for the next traversal, we

find that the largest leaf node index is not greater than the scan end and finish280

the query processing.

3.3. Multiple Query Scheduling
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When multiple queries arrive in a batch, our co-processing scheme spawns

multiple CPU threads and assigns a query to each thread in order to concur-285

rently navigate the internal tree nodes. The search paths of multiple queries are

commonly different and each query needs to scan different parts of the leaf array

as shown in Figure 2. When a thread reaches the parent node of a leaf node

(step 2 in Figure 2), we determine the scan size and the number of GPU blocks

to be used for scanning the leaf array. If there is a single outstanding query,290

we can use all available GPU blocks for it. However, when multiple queries are

concurrently executed, a smaller number of GPU blocks should be allocated to

each query.

Although the multiple query scheduling problem has proved to be an NP-

complete problem [23], it has also been proved that multiple heuristic approaches295

effectively reduce the query processing time and improve the query processing

throughput. For heterogeneous range query co-processing, we propose a heuris-

tic GPU block scheduling algorithm that adjusts the number of GPU blocks

based on each query’s selection ratio.

Queries that have a high selection ratio perform better when we increase300

the scan size and the GPU accesses more leaf nodes in parallel. Therefore, we

need to assign more GPU blocks to them so that they can scan a larger number

of leaf nodes with higher parallelism. However, it is not an easy problem to

know the selection ratio of a query in advance. This is because the selection

ratio depends on the distribution of the datasets. Hence, a larger query range305

does not always result in a higher selection ratio. In our heuristic GPU block

scheduling algorithm, we predict the selection ratio of a query as follows.

After determining the leftmost leaf node that has an overlapping MBB, we

scan the MBBs in the current node (the parent of the leaf node) from right to

left to find the rightmost overlapping leaf node. If the rightmost overlapping310

leaf node is far from the leftmost one, it is likely to have high selection ratio.

Thus, we assign more GPU blocks to the query. Otherwise we assign a small

number of GPU blocks. In other words, if the offset distance between the

leftmost and rightmost leaf nodes is greater than k, we assign k GPU blocks to
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the query. If the offset distance is smaller than 8, we use 4 GPU blocks in our315

implementation.

4. Evaluation

We now evaluate and analyze the performance of heterogeneous query co-

processing using Hybrid tree. For the upper tree in the host memory, we im-

plemented two versions: an R-tree and Linear Bounding Volume Hierarchy320

(LBVH) [24]. LBVH is a linear BVH that employs Morton codes to reduce

the size of the minimum bounding box. Because we construct the upper tree in

a bottom up fashion, we observe that the search performance and construction

time of LBVH are slightly faster than those of the R-tree. Hence, we present

the performance of Hybrid tree that employs LBVH as its upper tree. For the325

parallel scanning of a leaf node array, we implemented a GPU kernel function

using CUDA 7.0, which scans the SoA array in a brute force fashion. We com-

pare the performance of Hybrid tree with that of an MPHR-tree [9], which is

the state-of-the-art multi-dimensional index on the GPU. We also compare its

performance with that of a legacy R-tree [1] that executes only on the CPU330

and a variant of the R-tree called R-tree(LeafOnGPU), which we modified for

heterogeneous co-processing. In R-tree(LeafOnGPU), we set the size of leaf

nodes to be 512x larger than that of normal tree nodes, which corresponds to a

scan size of 512 in Hybrid tree. As in our Hybrid tree, R-tree(LeafOnGPU)

co-processes range queries, i.e., the CPU traverses internal tree nodes. Once it335

reaches a leaf node, the GPU scans the large leaf node in parallel, which con-

tains as many as 98,304 data points. R-tree(LeafOnGPU) also asynchronously

calls the GPU kernel function. Hence, while the GPU scans the data points

in the leaf node, the CPU returns to its parent node and continues to traverse

internal tree nodes until it finds another leaf node that overlaps with the given340

range query.
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4.1. Experimental Environment

We conduct experiments on an Ubuntu 14.10 Linux machine that is powered

by dual 8 core Intel Xeon E5-4620 (2.0 GHz) GPUs with hyper-threading en-

abled, 128 GB DDR3 memory, and dual NVIDIA Tesla K20m GPUs. The Tesla345

K20m GPU has 13 streaming multiprocessors (SM) and 5 GB global memory.

In our experiments, we use real datasets - the three-dimensional Integrated

Surface Database (ISD) point datasets - which are available for download from

NOAA’ National Climatic Data Center. The datasets are associated with two-

dimensional geographic information (latitude and longitude coordinates) and350

time as well as numerous sensor values collected from over 20,000 stations such

as wind speed and direction, temperature, pressure, precipitation, etc. For the

experiments, we index 40 million points, each comprising latitude, longitude,

time, and a pointer to the sensor values. The datasets were collected from 2010

to 2012. In addition to the real datasets, we also synthetically generated 100 mil-355

lion point datasets with various distributions; however, we do not present these

experiments except for those with the uniform distribution because the results

of the other distributions are similar. For the real and synthetic datasets, we

synthetically generated five sets of queries with various selection ratios (0.01%,

0.05%, 0.25%, 1.25%, and 6.25%).360

4.2. GPU Kernel Launch Overhead

In the first set of experiments, we evaluate the kernel launch overhead and

the effect of the clustering property of the leaf node array. In Table 1, we index

three-dimensional 40 million data points of NOAA Integrated Surface Database

(ISD) datasets. We set the number of GPU blocks and scan size to 128, 256,365

respectively. Then, we assign one GPU block for two leaf nodes, which spawns

192 GPU threads that process two data points per thread (49 K points in total).

When the data points in the leaf node array are not clustered, a single query

with a selection ratio of 0.01% traverses the internal tree nodes approximately

39 times on average. When we cluster the data points in the leaf array using370

a Hilbert curve, the number of internal tree node traversals decreases to 2.54
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Table 1: GPU Kernel Launch Overhead with or without Hilbert Space Filling Curve and

K-means Clustering

Unclustered Hilbert Curve K-Means

Time(msec) 0.81 0.046 0.065

GPU Kernel Launches 39.60 2.54 3.27

CPU Node Visits 165.29 14.77 19.07

GPU Node Visits 10136.67 650.03 837.57

(1/15th of 39) and the query response time decreases by 1/17. We also clustered

the data points using a k-means clustering algorithm. We varied the number

of clusters (k) as the k-means clustering algorithm does not group an equal

number of points per cluster. In other words, even if k is set to the number of375

leaf nodes, a single cluster can span multiple leaf nodes, which can result in a

larger number of overlaps among the MBBs than for the MBBs generated from

the Hilbert curve. Compared to the unclustered leaf node array case, k-means

clustering requires fewer GPU kernel launches and reduces the query response

time. However, we find that k-means clustering falls short and it is outperformed380

by Hilbert curve clustering.

4.3. Various GPU Thread Block & Scan Size

In the experiments shown in Figure 3 and Figure 4, we index 100 million

three-dimensional data points and measure the amount of memory accessed in385

accordance with varying scan size and the number of GPU blocks and the

average query response time of 1,000 queries. When the scan size is set to a

single leaf node (i.e., the number of GPU blocks is equal to the scan size), its

performance is mostly determined by the performance of searching the upper

tree using the CPU, except it has an additional overhead of launching GPU390
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kernel function for each leaf node. As shown in Figure 3, most of the accesses to

the index occur in the upper tree. However, as we increase the scan size, more

workload is assigned to the GPU kernel function and the CPU accesses fewer

internal tree nodes.

We can adjust the amount of GPU workload using two parameters; the395

number of GPU blocks and the number points processed by a single GPU thread.

When we fix the number of blocks and increase the number of points per thread,

the query response time becomes faster up to a certain extent. If we assign only

one data point per GPU thread, we observe that the overhead of creating a

GPU thread becomes the dominant performance factor and it affects the query400

response time. However, if we make a single GPU thread process too many
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points, the GPU visits too many non overlapping data points, which also affects

the query response time. As shown in Figure 3, a larger scan size causes more

GPU device memory to be accessed.

Note that the GPU block creation overhead can be different across the GPU405

architecture models and platforms. However, in our testbed machine - K20m,

processing four data points per each GPU thread results in the best performance

in most cases. In the worst case, the query response time becomes 6x slower

when each thread processes 1,024 data points. These results show that choosing

the right workload per GPU thread is a key performance factor in query co-410

processing.

When we increase the number of GPU blocks instead of increasing the num-

ber of data points per thread, it better utilizes a large number of streaming

multiprocessors in the GPU and the query processing performance improves.

Note that multiple thread blocks concurrently access different parts of the leaf415

array. However, if the number of GPU blocks exceeds the number of available

GPU blocks (208 in K20m), the performance improvement saturates as the extra

GPU blocks are serialized.

When we use 128 GPU blocks and each thread processes two data points,

the query response time is 12x faster than that of the MPRS algorithm with the420

MPHR-tree. Note that the amount of memory access is minimized when the
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scan size is 8 leaf nodes; however, its query response time is not smaller than

that when the scan size is 256 leaf nodes. This is because even though we access

a larger amount of GPU device memory, the memory is concurrently accessed

and it does not degrade the performance.425

Figure 4 also shows the query response time of the MPRS tree traversal

algorithm using the MPHR-tree. The MPRS algorithm is similar to our hetero-

geneous parallel index co-processing in the sense that it also performs brute-force

linear scanning for leaf nodes. However, the MPHR-tree manages all internal

nodes in the GPU device memory and it navigates the internal tree nodes in the430

GPU. The MPRS algorithm and MPHR-tree are comprehensively explained in

the original MPHR-tree paper [9]. Although the MPRS algorithm eliminates

backtracking and accesses mostly contiguous memory blocks, it irregularly visits

internal tree nodes because the branch prediction of the hierarchical indexing
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structures is difficult. The performance improvement of our heterogeneous co-435

processing over the MPHR-tree mostly comes from the overhead of the internal

tree node traversals.

In the experiments shown in Figure 5, we set the number of GPU blocks to

128 and varied the scan size. When a GPU block processes a single leaf node, it

suffers from the high kernel launch overhead and shows the worst performance.440

When the selection ratio is higher than 0.25%, a larger scan size effectively

reduces the number of internal tree node traversals and leaf node array scans.

However, making each thread process more leaf nodes does not always result

in better performance. When the selection ratio is lower than 0.25%, a large

scan size performs poorly because it increases the number of unnecessarily445

accessed data points that do not overlap.

Figure 6(a) shows the global memory load throughput that we measured

using nvprof profiler. In the experiments, we varied the selection ratio of range

queries. The global memory load throughput shows the amount of bytes loaded

from the GPU device memory per second. In the Tesla K20m GPU, the theoret-450

ical max bandwidth of device memory is 200 GB/s. While the device memory

load throughput of our Hybrid tree is 28 ∼ 61 GB/s, that of the MPHR-tree is

less than 10 GB/s. This demonstrates that the MPRS algorithm fails to lever-

age the high bandwidth of GPU global memory because of its irregular internal

tree node traversals.455

Figure 6(b) shows the number of average conditional branch instructions

executed per query. As we increase the selection ratio, more tree nodes are

accessed and more if statements are called. When the selection ratio is 6.25%,

the MPRS algorithm requires a 94x number of conditional branches, which

degrades the global memory load throughput and query response time.460

Figure 6(c) shows the average number of bytes accessed per query. When

the selection ratio is 0.01%, Hybrid tree accesses approximately 3x the amount

of bytes than MPRS. However, when the selection ratio is 6.25%, Hybrid tree

accesses no more than 2x the number of bytes from the device memory. Note

that the global memory load throughput of Hybrid tree is more than 10x higher465
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than that of MPRS when the selection ratio is 6.25% as shown in Figure 6(a).

This indicates that although MPRS accesses a similar amount of device mem-

ory, its internal tree node traversal and branch divergence problem prevent it

from taking advantage of the high memory bandwidth. When the selection

ratio is 0.01%, the legacy R-tree accesses only 0.7 MB of the host memory.470

However, as the selection ratio increases, it accesses almost similar amounts

of memory as other co-processing schemes. As for R-tree(LeafOnGPU), it has

a very large leaf node; however, its node utilization is not 100%, unlike the

MPHR-tree and Hybrid tree. This is because we construct the R-tree structure

in a top-down manner without using space-filling curve. For these reasons, R-475

tree(LeafOnGPU) accesses a much larger number of bytes than the others when

the selection ratio is small.

Figure 6(d) shows the query response time. For Hybrid tree, we use 128

GPU blocks and we set the scan size to 512. That is, each GPU block scans

four leaf nodes. When the selection ratio is 0.01%, the query response time of480

Hybrid tree is 8x, 12x, and 14x faster than that of R-tree(LeafOnGPU), MPRS,

and R-tree respectively. Although MPRS uses the GPU, its performance with a

very low selection ratio is not significantly better than that of the legacy R-tree

on the CPU because MPRS spends most of its execution time on internal node

visits and spends less time on brute-force linear scanning of the leaf nodes. R-485

tree(LeafOnGPU) outperforms MPRS and the legacy R-tree by leveraging both

the CPU and GPU. However, it suffers from poor node and CPU utilization.

Because the size of leaf nodes is considerably large, the number of internal

tree nodes is much smaller than that of Hybrid tree. Hence, the CPU often

becomes idle while the GPU is processing a large leaf node. Decreasing the size490

of the leaf nodes degrades the performance because the GPU kernel function get

launched more frequently. For these reasons, R-tree(LeafOnGPU) is consistently

outperformed by Hybrid tree. When the selection ratio is 6.25%, Hybrid tree is

2x and 6x faster than R-tree(LeafOnGPU) and MPRS respectively.
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4.4. Throughput of Batch Query Processing495

When queries arrive in a batch, our co-processing scheme spawns multiple

CPU threads and schedules the GPU blocks for concurrent co-processing. Fig-

ure 7 shows the effectiveness of our dynamic GPU block scheduling algorithm.

In our experiments, we varied the size of query batches and selection ratio of

each query.500

As a baseline, we show the performance of static scheduling, which assigns

208/N GPU blocks to each query, where N is the number of queries. In other

words, when there is only one query submitted, we assign 208 GPU blocks to

the query. If there are 4 concurrent queries, we process each query using 52

GPU blocks.505

In our dynamic GPU block scheduling algorithm, we determine the number
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of GPU blocks according to the distribution of overlapping MBBs in the parent

of the leaf node, as described in section 3.3. If the offset distance between

overlapping MBBs is greater than 104, we assign 104 GPU blocks to each query.

Hence, if more than 2 queries need 104 GPU blocks, the number of scheduled510

GPU blocks will exceed the capacity of our testbed K20m GPU.

Figure 7(b) shows the number of GPU blocks scheduled per query when

the number of concurrent queries is varied. As each batch comprises multi-

ple queries, the total number of launched GPU blocks decreases when static

scheduling is employed; however, it does not decrease linearly. This is because515

with a smaller scan size, we need more internal node traversals, which call more

GPU kernel functions.

When a batch comprises a small number of queries, our dynamic scheduling

obtains a performance similar to that of static scheduling. However, as the batch

contains more than 4 queries, our dynamic GPU block scheduling algorithm520

effectively adjusts the scan size for each query and utilizes the GPU blocks more

efficiently than static scheduling. Therefore, when the number of concurrent

queries is between 4 and 16, the query processing throughput is higher than

that in a case wherein a single query is processed at a time (i.e., the number of

concurrent queries = 1). Compared to static scheduling, our dynamic scheme525

yields approximately 1.5x, 2.5x, and 4x higher query processing throughput

when the batch size is 8, 16, and 32 respectively.

5. Conclusion

In this work, we presented a novel multi-dimensional range query co-processing530

scheme that utilizes both the CPU and GPU. Because the large branching fac-

tor in a tree-structured index makes it difficult to parallelize tree traversal algo-

rithms, we make use of the CPU for hierarchical tree traversal and the GPU for

brute-force linear scanning. In the co-processing scheme, balancing the work-

load between the CPU and GPU is important for improving the performance.535
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To leverage both the CPU and GPU, we asynchronously call the GPU kernel

function that scans multiple leaf nodes in parallel and restart the internal node

traversal while the GPU is accessing leaf nodes. This co-processing scheme ef-

fectively overlaps the CPU and GPU computations in time. Additionally, our

co-processing scheme considers the selection ratio of range queries to adjust the540

workload between the CPU and GPU.

We believe that this is the first work that proposes a GPU block scheduling

algorithm for multiple multi-dimensional range queries. Our proposed schedul-

ing algorithm determines the number of GPU blocks to be used based on the

selection ratio of each query predicted while traversing the internal tree nodes.545

The key idea of our multiple query scheduling algorithm is to assign more GPU

blocks to the queries that can be rapidly processed by sequentially accessing a

large number of leaf nodes.

Our performance study using the real and synthetic datasets confirms that

the proposed heterogeneous co-processing scheme improves the query response550

time by up to 12x and the query processing throughput by up to 4x.
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