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Abstract—With the rapid development of the Internet and the
explosive growth of information, the traditional technical framework can not meet the needs of massive data processing. In this
environment, the research and development of big data platform
came into being. Compared to Hadoop MapReduce programming
model, the Spark computing framework has a better applicability
by introducing RDD (Elastic Distributed Data Set) and memorybased computing model. SparkSQL is an api that integrates
relational processing and Sparks functional programming. It
provides a better choice for handing massive structured data.
However, for the most complex and costly inter-table correlation
queries in traditional query, Spark SQL’s performance is poor. To
some extent, it has affected the application of Spark. This paper
ﬁrst introduces the technical background of Spark architecture,
Optimizer Catalyst, and then expounds the factors causing low
query performance. Then, a design scheme of cost optimization
and predicate pushdown is proposed based on Spark SQL. The
proposed scheme is based on scalable Catalyst, which improves
the performance degradation due to improper selection of table
association algorithm and the triggering of shufﬂe. Finally, the
Spark cluster test environment is built to verify the feasibility
and performance improvement of the proposed scheme.
Index Terms—Big data , Spark SQL , Catalyst , cost optimization, hash join

I. I NTRODUCTION
With the continuous development of the Internet industry
and the popularity of all kinds of Internet applications, a large
amount of structured data will be generated every day in many
ﬁelds, such as telecommunications, transportation, ﬁnance, etc.
As the amount of data continues to grow, traditional data storage (DBMS) and computing methods (stand-alone programs)
have failed to meet the needs of enterprises for statistical
analysis and knowledge mining. In big data environment, the
performance requirements of query analysis data continue to
improve, and the traditional database such as MySQL provides
massive data storage scheme, but still has obvious bottleneck
in query. MySQL can only use one CPU core per query,
whereas Spark can use all cores on all cluster nodes[1].
The arrival of big data age[2], also guide to big data
processing platform of the ecosystem has been constantly
updated. With the birth of HDFS, MapReduce, HBase, Hive
and other Hadoop ecosystems, Hadoop[3] has become the

preferred platform for big data processing. Based on Google’s
extensive papers[4-5] and experience on massive data processing, Hadoop has implemented algorithms and set up the
stack to make large-scale batch processing easier to use.
MapReduce relies heavily on persistent storage. Each task
needs to perform read and write operations multiple times,
so it is relatively slow. Thus a new big data processing engine
Spark[6] came into being. Spark, developed with Hadoop’s
MapReduce engine based on the same principles, focuses on
speeding up the speed of batch workloads through improved
memory and processing optimization mechanisms. This article
is based on spark big data platform for query optimization.
In the mass of structured data set to do SQL. Hadoop uses
its own hive query engine in the early days. However, Hive
has a fatal ﬂaw: it is based on MapReduce, and MapReduce’s
shufﬂe is disk based, thus causing Hive’s performance to be
abnormally low. Later, Spark launched Shark, Shark and Hive
are actually closely related. Shark built on a lot of things
that rely on Hive, but modiﬁed the memory management,
physical planning and the implementation of three modules. It
uses memory-based computing model of Spark in the bottom.
So that the performance is better than Hive several times
to hundreds of times.However, Shark still has its problem,
Shark depends on the Hive’s syntax parser, query optimizer
and other components. Therefore, the improvement of its
performance is still a constraint. Since then the Spark team
decided to completely abandon Shark, launched a new project
named Spark SQL. Spark SQL plays an important role in the
Spark ecosystem. Spark SQL[7] makes it easy to manipulate
structured data, run SQL queries in the Spark system, and easy
to locate the response data tables and metadata.
II. R ELATED W ORK
A. Spark SQL runtime architecture
Figure 1 shows the runtime architecture of SparkSQL. The
order of execution of the SparkSQL statement is: 1. Parse
the SQL statement, distinguish the SQL statement into the
keywords(such as SELECT, FROM, WHERE), expression,
Data Source, etc., to determine whether the SQL statement
conforms to the speciﬁcation; 2. Bind the SQL statement
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and the database data dictionary(column,table,views), if the
relevant Projection, Data Source, etc., are present. It means
that the SQL statement can be executed; 3. The general
database will provide several execution plans, which typically
have operational statistics, and the database will select an
optimal plan in these plans; 4. Schedule Execute, in the order
of Operation,Data Source,Result.

Fig. 1. SparkSQL runtime architecture

B. Catalyst
In order to make Spark SQL better, Spark platform developers have designed a new extensible optimizer Catalyst[8]. Catalyst is easy to add new optimization techniques and functions
in Spark SQL to accommodate different data analysis. Catalyst
supports both rule-based and price-based optimizations.

table. If you broadcast large table to all nodes on the Spark
cluster, the network communication overhead and disk I/O
overhead can be enormous. This leads to poor performance
of Join operations in this case. Therefore, broadcast Join
has higher efﬁciency for broadcasting small tables, but it is
inefﬁcient to do association operations between two large
tables. As for the Shufﬂe join algorithm, the most important
reason for the speed reduction is that all the key/value needs
to be repartitioned according to the key. This step involves
the Shufﬂe operations. And the amount of data in the shufﬂe
operation phase is larger. When the amount of data in the
Shufﬂe phase is large, the network communication overhead
and disk I/O overhead will be great, which will affect the
performance of the entire association operation directly. Currently, the association between large tables catalyst defaults to
using the Sort-Merge join algorithm. Careful analysis shows
that the cost is not smaller than Shufﬂe hash join, but much
more. The reason for selecting it is related to the shufﬂe
implementation of Spark, which is currently applicable to the
Shufﬂe implementation of the Sort-Merge Join algorithm for
Spark. Thus, after shufﬂe, the partition data is sorted by key.
Therefore, in theory, you can expect that the data does not
need sort after shufﬂe, and it can merge directly.
There are some studies in academia. Which join algorithm should be chosen to perform, BroadcastJoin or ShufﬂeHashJoin or SortMergeJoin? Zhang Lei proposed a optimization scheme based on Part Bloomﬁlter algorithm in a
large table related . Its liitation is the assocition of large
tables only. In real life, the design of reasonable database
tables and the design of SQL statements rarely appear in
lage table association scenarios[9]; Liu Chunlei proposed an
optimization model based on cost model [8], which is not
perfect for connection support.
D. Contribution of the this paper

Fig. 2. Catalyst optimization process

As shown in Figure 2, the basic implementation of these
components: Firstly, generate the tree by analyzing SQL
statement. Then, different rules are applied to the tree at
different stages, and the fuctions of each component are
completed by transformation. Secondly, ayalyzer uses analysis
rules to imporve the properties of Unresolved Logical Plan
and transform into Resolved Logical Plan with metadata
(such as hive metastore, schema catalog). Thirdly, optimizer
uses Optimization Rules to convert Resolved Logical Plan
to Optimized Logical Plan by optimizing operations such as
merging, column clipping and push down.
C. The reason of query speed slower
Currently SparkSQL supports three Join algorithms - broadcast hash join, shufﬂe hash join and sort merge join [9]. The
ﬁrst two belong to the hash join. But it needs to shufﬂe or
broadcast before hash join.
In the join algorithms described above, Broadcast Join has
higher efﬁciency when large tables are connected to small

In table association queries, Different implementation strategies have different resource requirements, and the efﬁciency
of implementation is different from each other. In the face of
the same SQL, it may take a few seconds to choose the right
execution strategy, and if you don’t select the right execution
strategy, you might cause the system out of Memory. Different
Join sequences mean different execution efﬁciencies. The way
the current SparkSQL selects the join algorithm is based on
manually setting parameters. If the amount of data in a table
is smaller than this value, the Broadcast Hash Join will be
used, but this scheme is not elegant and not ﬂexible. The cost
optimization proposed in this paper is aimed at solving such
problems. The design principle of the speciﬁc scheme will be
described in detail on the following sections.
III. O PTIMIZATION D ESIGN F OR TABLE A SSOCIATION
The cost optimization stragegy is mainly select a minimum
cost syntax tree from multiple possible syntax trees. To evaluate the cost of a given whole tree, it is necessary to evaluate
the cost of each node. Finally accumulate all the nodes cost.
The SQL syntax tree is shown below.
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There are three cases. The ﬁrst case, N is smaller than
B.id.Min. The second case, N is greater than B.id.Max. And
the third case, N is between B.id.Max and B.id.Max. The ﬁrst
two cases are special cases of the third cases, as shown in
Figure 5.

Fig. 3. Catalyst optimization process

A. Get the basic information
EstimatedSize: the size of each LogicalPlan node output
data (decompression)
RowCount: The total number of output data for each LogicalPlan node
BasicStats: Basic column information, including column
type, Max, Min, number of nulls, numberof distinct valuesmax
column lengthaverage column length etc..
Histograms: Histograms of columns, i.e.,equi-width histogram(for numeric and string type) and equi-height histogram
(only for numeric types)
EstimatedSize and RowCount mainly to evaluate the execution cost of actual operator. BasicStats and Histograms are
used to obtain the basic information of raw data, so as to
facilitate subsequent deduction.
B. Deﬁne the cardinal derivation rules
Based on the current statistics of the nodes, a set of
inference rules for calculating parent node related statistics is
deﬁned. For different operators, the rules must be derived from
the same. Such as ﬁlter, group by, limit, and so on. Evaluation
of the derivation is different. The query analysis discussed in
this article is mainly for ﬁlter.For such a SQL: select * from
A, B where A.id = B.id and B.id >N, the syntax tree is as
Figure 4.

Fig. 5.

Under the ﬁlter condition of B.id bigger than N, the
B.id.Min will increase to N, and the B.id.Max remains unchanged. Total number of rows after ﬁltration is as follows:
B.id.distinct(af ter, f ilter) =
(B.id.M ax − N )/(B.id.M ax − B.id.M in)∗
B.id.distinct(bef ore, f ilter)
(1)
Actually, the distribution of data is almost impossible to be
balanced. The data are usually a probability distribution, as
shown in Figure 6:

Fig. 6.

Suppose the location of the N, like the picture above. The
total number of rows after ﬁltration is as follows:
Fig. 4. Catalyst optimization process

Suppose the minimum value of the B column is B.id.Min,
the maximum value is B.id.Max, and the total number of rows
is B.id.Distinct. We assume that the data are evenly distributed.

253

B.id.distinct(af terf ilter) = height(> N )/height(All)∗
B.id.distinct(bef oref ilter)
(2)

By evaluating the rules and the statistics of the original
table, you can count the basic statistics of all the intermediate
nodes in the syntax tree.
C. The actual cost of computing core operators
The actual cost of nodes is deﬁned from two dimensions:
CPU Cost and IO Cost. Deﬁne some basic parameters as
shown in TABLE 1:
TABLE I

Algorithm 1 DIJKSTRA
1: DIJKSTRA(G,w,s)
2: NITIALIZE-SINGLE-SOURCE(G,s)
3: S ← ∅
4: Q ← V [G]
5: while Q = ∅
6:
do u ← EXT RACT − M IN (Q)
7:
S ←S∪u
8:
for each vertex v ∈ Adj[u]
9:
do RELAX(u,v,w)

SOME BASIC PARAMETERS

Hr
Hw
Tr
Tsz
CPUc
Net

The cost of reading 1byte data from HDFS
The cost of writing 1byte data to HDFS
the number of tuples in the relation
Average size of the tuple in the relation
CPU cost for a comparison in nano seconds
the average cost of transferring 1 byte over network in
the Hadoop cluster from any node to any node

1) Table Scan operator: Scan operators are generally located in the leaves of the syntax tree, and intuitively speaking,
this type of operator is only IO Cost, and CPU Cost is 0.
T ableScanCost = IOCost = T r ∗ T sz ∗ Hr

(3)

2) Hash Join operator: Take the Broadcast Hash join as an
example, assuming that the large tables are distributed on n
nodes (R1,R2,...,Rn), and the average number of data in each
node is Tr (R1) Tsz (R1), Tr (R2) Tsz (R2), ... ,Tr (Rn) Tsz
(Rn), small table data bits Tr (Rsmall) Tsz (Rsmall), then the
CPU cost and IO cost are:
CP U Cost = SmallT ableBuildHashT ableCost+
LargeT ableDetectionCost =

the middle only through the vertex of S is called the special
path from start point to u. And use the array dist to record
the shortest special path length corresponding to each vertex.
The Dijkstra algorithm extracts the vertex u with the shortest
special path length from V-S, then adds u to S. Make necessary
modiﬁcations to array dist. Once S contains all the vertices in
the V, dist records the shortest path length from the source to
all the other vertices.
IV. S CHEME V ERIFICATION
The Spark platform in this paper is built on the Hadoop environment, using the Hadoop platform HDFS as Spark Platform
ﬁle system. The Hadoop platform adopts a fully distributed
mode. Spark has diversiﬁed modes of operation. When it is
deployed on a single machine, it can run either in local mode
or in pseudo distributed mode.When the distributed cluster is
deployed, there are a number of modes of operation to choose.
It is established in the Hadoop system, and the management
and scheduling of resources in Hadoop is manipulated by Yarn,
so choose to use Yarn Cluster mode as the operation mode
of Spark platform, Spark platform deployment test version is
2.0.2.

T r(Rsmall) ∗ CP U c+
A. Testing environment
(T r(R1) + T r(R2) + .... + T r(Rn)) ∗ N ∗ CP U c,
The test environment was built by four servers in the
(4) laboratory. The machine conﬁguration is shown in the table:
IOCost = SmallT ableScanCost+
Smalltablebroadcastcost + LargeT ableScanCost
= T rRsmall ∗ T sz(Rsmall) ∗ Hr+
n ∗ T r(Rsmall) ∗ T sz(Rsmall) ∗ N et+
(T r(R1) ∗ T sz(R2) + ... + T r(Rn) ∗ T sz(Rn)) ∗ Hr
(5)
Fig. 7. Device information

At this point, the actual cost of any node can be assessed.

There are four test hosts that make up the test cluster for
Hadoop and Spark.

D. Select the cost minimum execution path
Depending on the different join algorithms, we can get
different SQL execution path, use dynamic programming to
select the optimal cost path, the algorithm is as follows:
Since the weight of the path is not negative and the shortest
path of the single source is obtained, we choose the Dijkstra
algorithm. Initially, S contains only the starting point. Suppose
that u is a vertex of G, the path from start point to u and in

B. Test cases and results
The data used in this experiment are derived from vehicle
trafﬁc structure vehicle information one hundred million mass
data:
The query time statistics is base on whether SparkSQL uses
cost optimization in association query. We use some different
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Query to test the performance, and the test result is shown
in Figure 8: The result shows that the query time is little

Fig. 8. Table information

different for some Query statements before and after cost
optimization, while other Query statements have signiﬁcant
effect on cost optimization. These remarkable queries have
some similar features: ﬁlter can ﬁlter out a lot of data.
SparkSQL selects Shufﬂe Hash Join based on the size of the
raw data. But Broadcast Join might be a better choice based
on cost optimization. The same SQL test statement is given
as follows :
v a l q u a l i f i e d R o w s = jdbcDF . groupBy ( c o l ( ”
motor no ” ) . as ( ” g r p i d ” ) ) . count ( ) .
f i l t e r ( s ” c o u n t >4” )
v a l j o i n e d R o w s = jdbcDF . j o i n (
q u a l i f i e d R o w s , jdbcDF . c o l ( ” m o t o r n o ” ) ==
=qualifiedRows . col ( ” grp id ” ) ) . s e l e c t (
jdbcDF ( ” * ” ) , q u a l i f i e d R o w s ( ” c o u n t ” ) )

times of MySQL, Spark SQL, and SparkSQL with cost
optimization. When the data set is small, MySQL has good
performance. But as the amount of data continues to increase,
the query time of MySQL is close to exponential growth.
SparkSQL does not work as well as MySQL in small data set.
But with the increasing amount of data, the performance of
SparkSQL is not as good as the optimized one. On large data
sets, the optimization scheme of this paper has better effect,
it takes less time to query. From the above two experiments,
the feasibility and performance of this design are proved.
V. C ONCLUSION
In this paper, we propose a cost based optimization scheme
for Spark SQL to improve the performance of data query.
Based on different sql statements and different sizes of test
data. It can achieve very good optimization results when
catalyst can ﬁlter more data and not join between tow large
table. The cost based optimization scheme implemented in
this paper has limitations, and the efﬁciency is not obviously
improved when the amount of data is too large. It improve the
performance by up to 4 or 5 times. And the actual throughput
is also increases.
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Compare query time of different data sizes. As shown in
the following ﬁgure, there were three kinds of query time.
The ﬁrst one is mysql inquiries, the second one is SparkSQL
inquiries and the SparkSQL CBO is the optimization scheme
proposed in this paper.

Fig. 9. Table information
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