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ABSTRACT Article information:
The SPARQL query time optimization is one of the challenges for the Re-
source Description Framework (RDF) data store. Even though Graphic
Processing Units (GPU) can be used to accelerate query processing, it has
weaknesses from the GPU memory transfer overhead. In this work, we
propose optimization techniques for the GPU RDF store. In particular,
we present the query optimization technique, which results in a reduction
in the memory transfer time. In particular, the �rst approach is to use
an empty interval �lter that considers the empty data range to eliminate
unneeded data during the uploading process. Secondly, we provide the
heuristic query execution planner for generating an execution plan which
suits our GPU RDF store and the �lter technique. Our experiments on
the WatDiv benchmark show that the proposed methods perform well on
benchmark queries. The total query processing time on GPU is improved
on average by 30% compared to the random plan generators.
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1. INTRODUCTION

SPARQL is a standard query language for retriev-
ing and manipulating RDF (Resource Description
Framework) data. It has been widely adopted and
is supported by many platforms. Since mainly, it
has been used to query large RDF datasets, SPARQL
query acceleration is necessary to reduce the response
time.

In [1], VEDAS, an RDF store, uses the GPU to
improve its retrieval system capabilities. VEDAS is
based on column-based representation with indices
that can decrease storage size and provide fast access
with indexing. Thus, the query time can be reduced
by utilizing the GPU for processing the large join.

GPU is superior for retrieving the RDF data since
its massive processing unit can speed up the query
time compared to the traditional CPU system. How-
ever, it requires the data to reside in the GPU mem-
ory before processing. Thus, the data uploading pro-
cess is a weakness of such a system. When large data
are uploaded and the processing time on the GPU
is fast, the whole computation time leads to a low
speedup gain. It also a�ects many other aspects:

1. It increases GPU memory allocation time.
2. It may occupy the GPU memory, leaving a

small space for processing.

3. It increases the join time because of the large
input size.

In addition, we found that the query execution plan-
ner (QEP) is a crucial component for the e�ectiveness
of the GPU RDF store. With a good planner, data to
upload may be reduced, thus, optimizing the upload
time.

While many query optimization strategies concen-
trate on decreasing the join time or creating an execu-
tion plan that is join-friendly, the query optimization
for the GPU store should focus on both the upload
and join stages. The GPU join time is fast, but the
upload time creates a signi�cant overhead. In this
work, we improve VEDAS by constructing the new
GPU RDF store query optimizer as follows:
• We utilize the empty interval �lter (EIF) tech-
nique for decreasing the data size to upload to
GPU memory.

• We propose a non-statistical heuristics-based
query execution planner that is suitable for GPU
processing and our �ltering technique.

2. RELATED WORKS

Hardware acceleration is an approach to acceler-
ating the application with special hardware that is
more e�cient than the CPU for a given task. Hard-
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ware accelerators can be found in various forms, for
example, FPGA, GPU, DSP, TPU, etc. This work
emphasizes the use of the GPU as an accelerator. Nu-
merous studies utilize GPU acceleration to enhance
the performance of SPARQL queries and RDF stores.
These works focus on how to represent the RDF data
on GPU and how to implement the complete system
for query execution [2] [3] [4] [5] [6]. Most GPU-based
systems use the numeric ID to represent the IRI and
literal in triple. They also used the tensor-based rep-
resentation for storing the RDF data. Pattern match-
ing, like regular expressions, can also be deployed on
the FPGA accelerator to speed up the processing time
[7].

Query optimization is an essential process for any
database management system. It makes DBMS de-
termine an efficient way to process the query and re-
duce time and resources for processing. The two most
widely used approaches in RDF stores are the statis-
tical approach and the heuristic approach.

Characteristic set (CS) [8] is one of the statistical
approaches. It captures the semantics of data by cre-
ating sets of all predicates with the same subjects.
The characteristic set can use to estimate the cardi-
nality of the star-join. Meimaris et al. proposed ex-
tended characteristic sets (ECS) [9] that are improved
from the characteristic sets. It focused on the triple
level instead of the node level in CS by capturing
characteristic sets of subjects and objects. Traveling
Light [10] proposed the low-overhead statistic-based
optimizer. It uses only selectivity statistics for predi-
cates to overcome the great overhead problem in the
statistical approach. It updates the cost model esti-
mator when getting new queries. If the statistics are
not provided the very first time, a heuristics-based op-
timizer such as [11] is used. Marios and George [12]
proposed the distance-based query optimization. The
idea is to transform the SPARQL query into the vec-
tor and use the vector distance to optimize the query.
This work focused only on left-deep join and tried to
reorder the triple for join. The drawbacks of the sta-
tistical approach are that it assumes data indepen-
dence. The estimation of the cardinality may deviate
significantly from the actual value. It also propagates
the error when the number of joins increases. The sta-
tistical approach process is both computationally and
memory intensive, whereas heuristics are lightweight
and consume less memory.

Markus et al. [13] used some heuristic rules for
selectivity estimation. They noticed that sel(S) <
sel(O) < sel(P ) and bounds join are more selectiv-
ity than unbound joins. Petros et al. [11] propose
the heuristic set for query optimization. The rules
are based on the observed data. For example, some
triple pattern is more selective than another pattern,
or triple with literal is more selective, etc.

The modern approach uses RDF metadata, e.g.,
shape information, to estimate the cardinality and

selectivity [14], [15]. However, this approach requires
the available graph constraint information files that
are not always available.

3. RDF AND SPARQL

Resource Description Framework (RDF) is a stan-
dard for representing information about resources on
the web. It is used in many fields, such as knowl-
edge management, the semantic web, and life science.
The RDF data represent the relationship among data.
Each row of data in RDF is called a triple. A triple is
stored in the format Subject Predicate Object or can
be written as S P O in short. An example of RDF
data is shown in Listing 1.

Listing 1: RDF Example

Eric :knows John .

John :knows Alice .

Eric :name "Eric" .

John :name "John" .

John :email "john@ku.ac.th" .

...

The domain of subject and predicate is IRI which
is used to identify resources on the web. The object
can be IRI or literal with many types, such as string,
number, date, etc. Given I as a set of IRI and L
is a set of literals, the triple (s, p, o) is a subset of
I × I × (I ∪ L).

SPARQL query consists of one or more triple pat-
terns to specify the data to be retrieved. For the triple
pattern in the RDF data, each term can be replaced
by the variable (which leads with ?). A variable rep-
resents an unknown value that can match any RDF
data. Listing 2 shows the SPARQL example with
three triple patterns. The set of triple patterns in the
query can be called the basic graph pattern (BGP).

Listing 2: SPARQL Query Example

SELECT * WHERE {

Eric :knows ?p .

?p :name ?n .

?p :email ?e .

}

SPARQL query can be represented with the la-
beled directed graph, called query graph. The corre-
sponding query graph of Listing 2 is shown in Figure
1.

Fig.1:  Query Graph of SPARQL in Listing 2.
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4. SYSTEM OVERVIEW

VEDAS framework contains the GPU RDF store
that represents triples in the column-based with in-
dices. The index is the CSR style representation for
compressing the data and reducing the time to access
the data to upload and join. VEDAS requires just two
index types (POS and PSO) for the query set or en-
ables the full permutation indices, which require more
memory space. The system architecture is shown in
Figure 2. The responsibility of data loader is to parse
the RDF data from files and convert each term to
an integer ID. It also uses the GPU to sort triples
and construct the indices. After the loader performs
the loading task, all data and indices are stored in
the data storage component. We use the in-memory
storage approach to keep the ID and indices. The
query processor receives the input SPARQL query,
parses, and converts it to IDs. Query planner con-
structs the execution plan forming the basic graph
pattern (BGP) of a query. The query executor uses
the execution plan from the planner and completes
the query processing on the GPU.

Fig.2:  Components of VEDAS.

In detail, VEDAS has three basic operations to ex-
ecute the query: upload, join, and index swap. Up-
load operation uploads the data from CPU memory
to GPU memory by scanning from indices. The join
operation performs the relational outer join of the
upload data or intermediate results (IR) that already
reside on the GPU memory. Because VEDAS uses
sort-merge join in the join process, it is necessary to
ensure that the column used for the joining is ar-
ranged in the sorted order. The process of sorting a
column before joining is referred to as the index swap
operation. Based on our research, the GPU method is
more effective than the CPU in terms of accelerating
the processing time by utilizing the massive amount
of cores. The time required for joining can be sig-
nificantly reduced. However, the time of uploading
data will incur the overhead. The query with a low
computation-upload ratio leads to low speed up from
the CPU system. Hence, we apply the optimization
technique, called pre-upload filter, to reduce the num-
ber of upload rows. However, some query still has a

large upload portion of time.

In this work, we propose solutions to tackle the
problem of large upload size problem. Reducing
the upload time may also lead to reducing the time
needed for GPU memory allocation and decreasing
the input size for joining.

5. QUERY OPTIMIZATION

The large upload time is typically caused by
the high selectivity join, i.e., the input size of
join operations is large compared to the join result
size. The pre-upload filter of our previous work
can reduce the size by the following method. For
IR R1 and R2 that the first column data range
from (lb1, ub1) and (lb2, ub2), respectively, The pre-
upload filter selects only the data in the range
(max(lb1, lb2),min(ub1, ub2)). This means we can fil-
ter out the out-of-the-range data that are definitely
not the join results. In addition, we propose a new
technique to reduce the upload data similar to the
pre-upload filter, but it works with the inner data
range. This technique is known as an Empty Interval
Filter.

A good planner can find the best plan to elim-
inate the unnecessary upload to the GPU memory.
Thus, the planner for the GPU SPARQL executor is
also very crucial. The proposed algorithm for QEP
is not based on statistics or metainformation of the
data. Therefore, collecting the metadata is not re-
quired during the loading process. It can run with
low overhead to generate a good plan for the GPU
RDF store.

5.1 Empty Interval Filter

The empty interval is the range of data that does
not include the intermediate results. For example,
data {1, 2, 3, 7, 13, 14, 22} has three empty intervals
(4, 6), (8, 12), and (15, 22). Sometimes, the data has
a large empty interval that can be a chance to filter
out in the other IR. This is the intuition for an empty
interval filter (EIF).

Let EI =< l1, u1, l2, u2 > be the first two largest
empty intervals [l1, u2] and [l2, u2] of variable ?v that
are computed from the intermediate result. The EI is
stored for every joined variable. Before uploading the
new data to GPU, the system uses both pre-upload
filter and empty interval filter EI to filter out the
data that cannot be joined. The system scans in-
dices and uploads only out-of EI range data. The
algorithm to find the largest empty interval is to con-
struct the difference array that stores the difference
of consecutive values, and finds the maximum value
among them. These two steps can be processed in
parallel by GPUs. The system updates EI after the
join by ?v and performs index swapping to use ?v as
an index. It does not update every time after the
join time, but updates only if this variable still can
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be used to join. Although the largest interval is pro-
cessed in parallel on GPU, it still consumes time. α
is the threshold for updating, i.e., the update is per-
formed only when the number of results from join or
index swap is greater than α.

The update method is described in Algorithm 1.
Lines 1-5 are to create a list consisting of 4 empty
interval bounds, two from the originals and two from
the new values. Line 7 is to merge adjacency bound
pairs until no more pairs are overlapped. The term
merge means union 2 bounds (x1, y1) and (x2, y2) as
(min(x1, x2),max(y1, y2)).

5.2 Heuristic Query Execution Planner

Processing data on the GPU can be much faster
than utilizing only the CPU. The QEP used in the
GPU RDF store system should have low overhead to
reduce the total query time. We propose the heuristic
approach to archive this goal.

The main idea is to find the most selective triple
pattern first. The sooner upload and join the small
result triple pattern, the smaller upload size can be
derived for the consequence triple patterns. Since we
do not rely on any statistical information in the QEP,
we collect the exact size for each triple pattern be-
fore the start of the planning process. This can be
achieved by scanning from indices. This exact size
is used to determine which triple pattern should be
uploaded first and what to be the next, and so on.
When the planner receives the query graph parsed
by the query parser, Algorithm 2 generates the ex-
ecution plan tree. The query executor serializes the
plan tree obtained by post-order traversal.

Algorithm 2 generates a plan and modifies the
query graph. At first, all edges in the query graphs
represent the triple pattern. Each one has its meta-
data, such as the index for used (index1 and index2),
cardinality(card), and all variables header(vars). Af-
ter creating the join plan node, the edge (triple pat-
tern) to be joined together will be merged. The new
edge now represents joined IR. The metadata can also
be merged.

Fig.3:  Complex-shaped query graph

Fig.4:  Linear-shaped query graph

The algorithm attempts to find the best star-join
subgraph in the query graph. The best star-join is
the one that has the highest number of degrees, or
the lowest total cardinality if more than one subgraph
with the highest number of degrees exists. For exam-
ple, the query graph in Figure 3 has two star-shaped
centers at variables ?v0 and ?v1. In this case, the
first iteration of the algorithm chooses ?v0 center as
the best star because it has degree 4 which is more
than two compared to ?v1. Figure 4 has two star-
joins which both have degree 2. The star-join with
?v0 center cardinality is 600 (200 + 400), while ?v1 is
1,400 (1,000 + 400). Therefore, the algorithm selects
?v0 first.

After we obtain the best star-join variable, all
edges with the shared variable vertices are considered.
The edges are sorted by cardinality in ascending or-
der. For the triple pattern edge (or still not merged
edge), the upload plan node is created. Then, the
join plan node is created for the edge connected to
the same vertex. The variable v is the variable that
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is used to join. If the index of an edge is not v, it
generates the index swap plan node (Lines 16 - 22).
After creating all nodes to use for the star-join vari-
able vertex, the related edges are merged to the first
edge e0 (Lines 27 - 29). The merged edge algorithm
shows in algorithm 3. The merging of 2 edges into a
single edge also combines the vertex that connects to
both edges. Let edge e1 = (v, u) and e2 = (v, w); the
vertices w and u are merged. All the edges e = (x,w)
are transformed to e′ = (x, u). Here, the σ value is
the join selectivity factor. We estimate it based on
the cardinality of both edges. If both are less than
1,000, we will use σ1 = 0.001. Use σ2 = 0.0001 when
one of them is less than 1,000. Otherwise, we will
give σ3 = 0.000001. The estimated values are based
on the assumption that join selectivity is high when
the number of input rows is high and vice versa.

(a) After merging edge adjacent by ?v0.

(b) After merging adjacent edge by ?v1. 
Fig.5:  Steps of the Algorithm.

Figure 5 shows the next steps of algorithm 2 for
the complex-shaped query graph in Figure 3. In Fig-
ure 5a after merging triple pattern edges P1, P2, P3,
and P4, all edges become one joined IR edge. The
cardinality of the new edge is 24. The next step is
to use the center vertex as a variable to join. In this
case, the index variable for join is v1. After joining
the last two edges, the remaining is shown in Figure
5b. The algorithm terminates because there remains
one edge left.

While flat plan or n-ary join has an advantage for
building the multi-join execution plan, our QEP only
generates the binary bushy-plan, because the binary
plan has more chance to update the pre-upload filter
and also EIF. The summary of edge metadata used
in the generated algorithm is as follows.

• index1 and index2 maintain the values of the index
that can be used. For edges that represent the triple
pattern, the values of index1 and index2 are variables
in the triple pattern. index2 can be null if the triple
pattern has only one variable. For joined IR edge,
index1 represents the last join variable, and index2
is null.
• vars are variables in the IR header. It is used to
validate whether the edges can be joined or not. If

there is one v ∈ vars that is the same as the join
variable, this edge can be joined.
• card stores the cardinality. The system scans the
indices and obtains the number of data rows before
the planning stage.
• treeNode is the operation plan tree node that corre-
sponds to the edge. The plan tree root node is stored
in the final edge’s treeNode when the algorithm has
completed.

6. EVALUATION

WatDiv synthetic benchmark dataset [16] is used
to evaluate the performance of the proposed opti-
mization techniques. The experiments are performed
on the computer with the following specifications: 64
CPU of Intel(R) Xeon(R) Gold 6130 CPU @ 2.10GHz
with 256 GB of memory. The server contains 4
NVIDIA V100s with 32 GB memory. However, we
are only utilizing a single GPU to conduct the exper-
iments.

6.1 Empty Interval Filter Evaluation

To evaluate the EIF, we run the system and collect
the query times and upload sizes in 2 cases, with and
without the EIF. Table 1 shows that EIF can reduce
the upload size and query time of the WatDiv query.
Table 2 shows additional results like the number of
empty interval updates called and EIF time for each
query. For the query that the number of EIF update
times is equal to 0, the upload size is zero. From Ta-
ble 1, EIF can reduce the upload size by about 200 to
1,300,000 rows and, hence, affect query time. The C1
query is a special case in which the executor found
the triple pattern with 0-row result, and it propa-
gated the result to other triple patterns. Therefore,
the upload size is equal to 0. EIF runs to update the
interval in two events, that is, after joining and after
index swapping. The linear-shaped query uses each
variable to join at once. Hence, EIF can update the
interval only after index swapping. EIF is not effec-
tive for L class queries. It has some updates for empty
interval but cannot reduce the upload size. C class
queries also have similar results to the L class. They
have many triple patterns, but not many join with
the same variables. The exception is for C2, which
has a large star-join with very large results (greater
than α). For that reason, the update is not triggered.
Query S3, S4, S5, and S7 are queries with results of
0 (or 1), and the 0 result is found early; thus, EIF
has no role in these queries. Other queries in F and
S class gain benefits from EIF. The total query time
is lower, even though the EIF overhead was included.
From the results, EIF overhead depends on the num-
ber of joins with the same variables. For example, the
overhead may become large if there are many degree
star-joins. However, each update round has a great
opportunity to reduce the upload size.
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Table 1:  Query time and upload size for each query in WatDiv 200M.

Query

Query Time Query Size
Result (ms.) (rows)
(rows) w/o w w/o w

EIF EIF EIF EIF
C1 0 3.86 3.78 0 0
C2 39 74.35 73.95 13093482 13093482
C3 15941 111.88 110.33 96625372 96625372
F1 0 11.19 11.26 1379362 1365846
F2 23 12.15 11.86 3952327 3637590
F3 80 18.01 16.68 5342671 4985858
F4 170 17.76 16.61 4110803 3857933
F5 61 26.88 24.55 9507142 8183969
S1 3 8.45 7.81 890295 715387
S2 5409 8.86 8.48 2549834 2549834
S3 0 0.89 0.87 43421 43421
S4 0 1.47 1.31 66773 66559
S5 0 0.77 0.76 47909 47909
S6 20 7.46 6.53 2662212 2007551
S7 1 1.44 1.32 1421 1421
L1 1 6.49 6.62 2072071 2028710
L2 525 1.69 1.54 87670 87670
L3 6 5.86 5.92 2021762 2021762
L4 655 0.99 0.99 56374 56374
L5 764 2.05 1.91 115029 115029

Table 2:  EIF time and upload size for difference α.

Query

Number of EIF Time Upload Size

EI updates (ms.) (rows)

α = α = α = α = α = α =

2,500 50,000 2,500 50,000 2,500 50,000

C1 0 0 - - - -

C2 1 6 0.07 1.10 13093475 13093475

C3 0 0 - - - -

F1 1 4 0.24 0.88 1364156 1364156

F2 8 8 1.38 1.42 3637590 3637590

F3 6 6 1.14 1.06 4985858 4985858

F4 8 9 1.69 1.89 3857933 3857933

F5 6 6 1.06 1.13 8183969 8183969

S1 4 4 0.66 0.68 715387 715387

S2 0 0 - - - -

S3 0 0 - - - -

S4 1 1 0.22 0.22 66559 66559

S5 0 0 - - - -

S6 2 2 0.44 0.42 2007551 2007551

S7 0 0 - - - -

L1 2 2 0.39 0.38 2028710 2028710

L2 1 2 0.20 0.48 87670 87670

L3 1 1 0.21 0.22 2021762 2021762

L4 1 1 0.23 56374 56374

L5 1 2 0.21 0.45 115029 114954

6.2 The Effect of α Parameter

Table 2 compares the number of EI updates, EIF
time, and upload size when α is 2,500 and 50,000.
It turns out that more EI updates do not necessarily
lead to a reduction in the upload size. This is because
sometimes the same interval is found, and the larger
empty interval is not incurred. The results show that
α = 50,000 is not a good value since the correspond-
ing upload size is not decreased. The only case that
it can filter out the data is L5. However, it also re-
duces the size with insignificant query time reduction.
Note that the value of 2,500 is a relatively small value
compared to the size of after-joined IRs in almost all
queries. We chose this value to show that applying
EIF a few times is more appropriate. For α = 50,000,
it covers more than 75% of after-joined IRs. Hence, it
represents the scenario when EIF is applied to about

75% of the number of join times. From intuition, the
α value should depend on the data size and join se-
lectivity. When the RDF file is large or sizable join
selectivity, α should be set to the bigger value.

The small α also has one benefit. Because when
the join result size is small, it has more probability
of finding the large empty interval. In contrast with
the large join results, the probability of having a large
empty interval is lower.

6.3 Heuristic Query Execution Planner Eval-
uation

To evaluate the QEP performance, we compare the
proposed method with 3 random generators. The L3
and L4 have only 2 triple patterns and can generate
only one plan. Therefore we skip to show their results.
The other L class queries also have only 3 triple
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Table 3:  Query time for each query in WatDiv 200M.

Query
Query Time (ms.)

Random1 Random2 Random3 Proposed

C2 82.61 101.09 221.65 73.95

C3 112.42 99.86 110.53 110.33

F1 10.67 11.46 12.46 11.26

F2 14.82 12.82 14.41 11.86

F3 18.43 20.35 27.26 16.68

F4 17.57 16.37 17.17 16.61

F5 28.03 31.70 35.66 24.55

S1 32.96 57.79 49.45 7.81

S2 8.94 9.33 9.03 8.48

S3 1.57 5.20 5.21 0.87

S4 5.50 6.03 5.59 1.31

S5 1.86 3.70 4.22 0.76

S6 8.58 6.77 8.39 6.53

S7 1.71 1.21 1.39 1.32

L1 7.75 6.73 - 6.62

L2 3.98 1.50 - 1.54

L5 1.89 3.78 - 1.91

Table 4:  Upload size for each query in WatDiv 200M.

Query

# of Upload Size (rows)

Triple
Random1 Random2 Random3 Proposed

Pattern

C2 10 13380287 13737013 13736978 13093482

C3 6 96625702 96625742 96625778 96625372

F1 6 1379822 1365844 1379820 1365846

F2 8 3975622 3946654 3964968 3637590

F3 6 6022312 6065061 7100481 4985858

F4 9 4448324 3624832 4275890 3857933

F5 6 9602952 9301637 9727257 8183969

S1 9 9439858 14517113 10398593 715387

S2 4 2549849 2550300 2550328 2549834

S3 4 93525 1280566 1281124 43421

S4 4 1465906 1474783 1475431 66559

S5 4 348093 497964 498074 47909

S6 3 2963986 2007551 2964025 2007551

S7 3 1421 28227 28227 1421

L1 3 2075731 2072071 - 2028710

L2 3 472848 87670 - 87670

L5 3 115029 500209 - 115029

Table 5:  Join size for each query in WatDiv 200M.

Query

# of Join Size (rows)

Triple
Random1 Random2 Random3 Proposed

Pattern

C2 10 22533816 49169901 116160434 22404389

C3 6 6738829 6236316 6633324 6524044

F1 6 1392250 1382296 1735697 1374000

F2 8 3776024 3532199 3870196 3367571

F3 6 6035511 6774502 9094598 5086956

F4 9 4548199 3582957 4361602 3832034

F5 6 9716444 11280979 13426639 8567633

S1 9 10527547 18933108 18062227 774038

S2 4 2600207 2586603 2627141 2580938

S3 4 95274 1286678 1407047 43421

S4 4 1468911 1511922 1488903 66699

S5 4 358220 503063 589464 47909

S6 3 2965641 2280871 2972342 2280871

S7 3 1422 28229 29645 1422

L1 3 2290569 2072077 - 2072077

L2 3 487452 102674 - 102674

L5 3 130033 520103 - 130033
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patterns and 2 possible plans. We generate all 2
unique plans for each one. In all tests, the empty in-
terval filter is enabled and set α to 2,500. Each query
is run 10 times and the best time is selected for the
comparison. Table 3 shows the query time for each
planner. Tables 4 and 5 show the upload and join
sizes, respectively. The definition of upload size is
the number of rows that are uploaded from the CPU
host to the GPU. To simplify the problem, we ignore
the number of columns to be uploaded and consider
only the number of rows. The join size becomes the
summation of the number of rows of 2 inputs and
disregards the number of columns.

For the small number of triple pattern queries (S6,
S7, L1, L2, and L5), The results show that the pro-
posed QEP selects the best plan. Our QEP is also
better than the random plans in other queries except
for F4. It has the minimum number of uploads and
join size among all plans, and leads to the minimum
query time. The interesting point is that for the re-
sult of the S class, the query that has a small number
of resulting rows or 0 rows, the proposed method is
efficient. The reason is it early performs the very se-
lective join to execute. The result size of the early
steps is small or 0. Thus, the next upload with a
pre-upload filter can be small.

Table 5 shows that when the upload size is de-
creased, the join size is also decreased. As a result
of reducing the upload size, the join size and join ex-
ecution time are decreased. However, reducing the
upload size is more effective than reducing the join
size in the aspect of reducing the total query time.

7. CONCLUSIONS

This work proposes two SPARQL query optimiza-
tions suitable for the VEDAS GPU RDF store. Two
approaches are demonstrated. First, we eliminate the
unused data before uploading by using the empty in-
terval filter. This optimization is to collect the empty
interval for each join variable and use it to prune
out the data. Secondly, the heuristic approach QEP,
which has low overhead and requires no metadata, is
proposed. QEP tries to find the most proper star-join
in the query graph and generates the execution plan.
It finds the largest degree of star-join and summation
of cardinality, which guides to the good-enough plan
or best plan in some cases.

The experiments show that empty interval filter
can reduce upload size up to 24.60% and 12.47% for
query time. EIF works well in conjunction with the
pre-upload filter in the original system. It can reduce
the upload size in most F and S classes in the tested
WatDiv benchmark. α parameter in EIF is suggested
to be a small value to reduce overhead. However,
there is an opportunity to find the optimal value in
the future.

QEP performs well in most queries. For the small-
size result query, our method can reduce many unnec-

essary uploads to reduce the overall processing time.
It also generates the best plan for the query that has
a small number of triple patterns.
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