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学术论⽂ 

 
 Big data frameworks, such as Hadoop MapReduce and Spark, 

rely on garbage-collected languages. Big data applications usually 
process a large volume of data that lead to heavy GC overhead (up 
to 50% of the application execution time).  
 
 
 
 
 
 
 
 
 

Introduction 

Three Key Research Questions 
!  RQ1: What are the typical memory usage patterns of big data 

applications? 
!  RQ2: Are current garbage collectors sufficient for big data 

applications? If not, why? 
!  RQ3: What are the guidelines for application developers and 

insights for designing big-data-friendly garbage collectors? 

 
Spark Memory Management 

 The memory usage of a Spark application consists of three parts: 
1.  Execution space: for storing shuffled data 
2.  Storage space: for storing cached data 
3.  User space: for storing operator-generated data 

 
 
 
 
 

Different Garbage Collectors   
    1. Heap Layout Differences: 
 
 
 
 
 
 
 
 
 
 

    2. GC Algorithm Differences： 
 
 
 
 
 
 

Background 

Methodology 

 
Overall Results and Key Findings 
 
 
 
 
 

1.  Big data applications’ unique memory usage patterns              
(e.g., long-lived shuffled data and humongous data objects), 
and computation features (e.g., iterative computation and  
CPU-intensive data operators) contribute to the substantial 
performance differences among garbage collectors. 

2.  The concurrent collectors, such as CMS and G1, can reduce 
the GC pause time while reclaiming the long-lived shuffled 
data. However, they hinder CPU-intensive data operators 
due to serious CPU contention. 

3.  All three collectors are inefficient for managing humongous 
data objects, which lead to frequent GC cycles and even OOM 
errors in non-contiguous collectors like G1. 

 
 
 
 
 

Proposed Optimizations 
1.  Prediction-based dynamic heap sizing policies. 
2.  Label-based object marking algorithms.  
3.  Overriding-based object reclamation algorithms. 

Results 

GC Young GC Full GC 
Parallel Mark-copy (STW) Mark-sweep-compact (STW) 

CMS Mark-copy (STW) Concurrent mark-sweep 
(mostly concurrent, non-compacting) 

G1 Mark-copy (STW) Concurrent mark + mixed evacuation  
(mostly concurrent,incremental compact)  

App Data-1.0 (100%) Data-0.5 (50%) 
GroupBy 200GB  Uservisits 50% rows 
Join 200GB Uservisits, 

40GB Rankings 
50% rows  

SVM 21GB KDD2012 matrix 50% columns 
PageRank 25GB Twitter graph 50% edges 

GC Heap Layout Differences 
Parallel, CMS Contiguous generations with an explicit boundary 

G1 Dividing heap space into equal-sized regions 

Garbage collectors divide the 
heap into two generations:  
Young generation: for 
keeping short-lived objects 
Old generation: for keeping 
long-lived objects 

 We perform the four applications on representative datasets 
with different sizes that can lead to different memory pressures. 
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Table 3: The average application execution time comparison with different data sizes. ×(OOM) means that the applications failed with OOM errors.

Application Data-0.5 Data-1.0
Parallel CMS G1 Comparison Parallel CMS G1 Comparison

GroupBy 20.4(1.1) 18.2(0.2) 18.4(0.4) C < G1 < P (10.8%) 45.4(19) 36.3(0.9) 39.4(1.2) C < G1 < P (20.1%)
Join 31.8(5.7) 28.3(0.3) 28.4(0.8) C < G1 < P (11.3%) 78.7(41) 54.7(0.7) 57.1(2.6) C < G1 ≪ P (30.5%)
SVM 6.2(0.4) 6.0(0.3) 6.0(0.1) C = G1 < P (3.2%) 15.2(1.2) 14.5(1.1) × (OOM) C < P (4.6%)
PageRank 26.1(11.3) 19.5(3.5) 38.3(3.3) C ≪ P ≪ G1(49.1%) × (OOM) × (OOM) × (OOM) ×

* This table compares the application’s average execution time (t) with different data sizes and garbage collectors. P,C,G1 denotes Parallel, CMS, and
G1. Take the first cell 20.4(1.1) for example, the average time it takes to run GroupBy application with half of the data size using Parallel GC is 20.4 min,
and the corresponding GC time is 1.1 min. C < G1 means that the relative execution time difference between the application with CMS GC and the appli-
cation with G1 GC is (tG1 − tC)/tG1 < 20%. ≪ means that the relative execution time difference is 20%+. (10.8%) means that the relative execution
time difference between the fastest and the slowest applications with different GCs is 10.8%.

(2) Applications with concurrent collectors achieve 8.3%-94%
shorter GC time than applications with Parallel collector. CMS
and G1 are concurrent collectors that perform most of the full GC
concurrently with application threads. Aside from the applications
with OOM errors, concurrent collectors achieve 8.3-94% shorter
GC time than Parallel collector in all the applications.
(3) G1 is the only collector that suffers from OOM errors while
processing the humongous objects in SVM-1.0 application. Al-
though G1 is designed for managing memory larger than 6 GB [7],
its region-based heap management is not reliable for managing the
humongous objects.

4.1.1 Key contributors to the performance differences
The root causes of the performance differences include big data

applications’ memory usage patterns, computation features, and
the garbage collectors’ different GC algorithms. Among these
memory usage patterns, the patterns of long-lived accumulated
records and humongous data objects are the key contributors to
the substantial performance differences.

Long-lived accumulated records refer to the shuffled records
that are kept in memory for both shuffle and output phases until
being spilled to disk. Since big data applications usually generate
millions of long-lived accumulated records, these records lead to
frequent and long full GC pauses due to the mismatched require-
ment with current GC algorithms. (1) The long-lived accumulated
records require large old generation to accommodate. Therefore,
inappropriate young/old generation sizing polices will lead to fre-
quent full GC pauses (Finding 2, 3). (2) It is time-consuming and
CPU-intensive to reclaim the long-lived accumulated records. Cur-
rent object marking/sweeping algorithms need to traverse the whole
object graph to identify the live referenced objects. Since long-
lived accumulated records are numerous and all referenced, the
object marking/sweeping phase is both time-consuming and CPU-
intensive. Stop-the-world marking/sweeping algorithm performs
sequential object marking and sweeping that leads to long individ-
ual full GC pause. Concurrent marking/sweeping algorithms can
reduce full GC time by performing object marking and sweeping
in parallel with application threads (Finding 4, 10). However, they
suffer from concurrent mode failures problem (Finding 4) and de-
grade the CPU-intensive data operators like join() (Finding 8). (3)
Without awareness of the data object lifecycles, current GC algo-
rithms leverage static GC triggering thresholds that lead to repeti-
tive work during each GC cycle (Finding 7).

Humongous data objects refer to objects that are larger than
G1’s maximum region size (32 MB). It is common for big data ap-
plications to generate humongous objects, such as large vector (big
double array) in SVM. The non-contiguous region-based collectors
like G1 may not have large enough contiguous space to accom-
modate these humongous objects, and therefore suffers from heap
fragmentation that eventually leads to OOM errors (Finding 9).

4.2 GroupBy results
We explore the impact of long-lived accumulated records on the

application performance using GroupBy-1.0 as an example.

4.2.1 Performance comparison results
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Figure 5: The execution time comparison among GroupBy-1.0 reduce
tasks. ParallelGC task is the slowest one due to its longest full GC time.

GroupBy-1.0 application contains a map stage (1680 map tasks)
and a reduce stage (32 reduce tasks). The performance difference
was only observed in reduce stage, where the memory space is
dominated by long-lived accumulated records. Since the slowest
reduce task dominates the execution time of reduce stage, we com-
pare the execution time of the slowest reduce tasks with different
garbage collectors and obtain CMS17m < G120m < Parallel24m.
As shown in Figure 5a, we further break down the task execution
time and group them logically into data computation time (Comp-
Time), shuffle spill time (SpillTime), and GC time to pinpoint po-
tential performance bottlenecks. Data computation time refers to
the time that the task spends on data processing. Figure 5a shows
that ParallelGC task achieves 29-72% shorter shuffle spill time than
CMS and G1 tasks. This is caused by the three collectors’ different
heap layouts (Finding 1). To understand GC time differences, we
further decompose the GC time into young GC (YGC) time, full
GC (FGC) time, and concurrent GC (ConGC) time in Figure 5b.
This figure shows that ParallelGC task suffers from ∼50x longer
full GC time than CMS and G1 tasks. The root causes are due to
the three collectors different young/old generation sizing polices
and different object marking algorithms (Finding 2, 3, 4).

4.2.2 Findings and their implications
Finding 1: ParallelGC tasks trigger 1.5x more shuffle spills
than CMS and G1 tasks. The root cause is that Parallel collec-
tor has the smallest available heap size that leads to the lowest
spill threshold of ParallelGC tasks. By default, Spark allocates
60% of the JVM heap to store the shuffled data and cached data.
In shuffle phase, the reduce task launches a reduceByKey() oper-
ator to aggregate all the shuffled ⟨k, v⟩ records with the same k
into ⟨k, list(v)⟩ records. These records are accumulated in memory
and will trigger shuffle spill if their size exceeds the spill threshold
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Figure 1: Illustrations of an example Spark application from dataflow graph, execution plan, to memory management.

Table 1: Representative Spark applications with different computation features and memory usage patterns. The bold ones are long-lived data objects.

Application Type Application features Memory usage patterns#Cached data #Shuffled records Space complexity
GroupBy SQL None Medium: O(Nrows) reduceByKey(sum) : O(1) Accumulated records
Join SQL None Heavy: O(Nrows of R&U) join() : O(m+ n) Accumulated records, Temporary output records
SVM ML O(Nmatrix rows) Light: O(Nmap task) reduce() : O(|x|) Humongous data objects, Cached records
PageRank Graph O(Nedges) Medium: O(Nedges) join() : O(m+ n) Iterative accumulated records, Cached records

Survivor space is used for swapping the live objects. The live ob-
jects that survive several young GCs in Survivor space are finally
promoted to old generation.

For garbage collection in old generation, namely major or full
GC, the three collectors use different GC algorithms. Parallel col-
lector is designed for high throughput by launching multi-threads to
perform full GC. Its object marking and sweeping phases are stop-
the-world, and performed together in a single full GC. So, Parallel
collector suffers from long full GC pause when there are too many
objects to mark and sweep. Parallel collector also compacts the
free space in full GC cycle to eliminate heap fragmentation. CMS
is designed for low latency by offloading much object marking and
sweeping work to background threads that do not require stopping
application threads. Its object marking phase is divided into three
phases: the concurrent mark phase is for marking all the live ob-
jects, while the other two STW phases (initial mark and remark
phases) are for identifying the GC roots and updating the marking
results. Its object sweeping phase also runs concurrently with ap-
plication threads. CMS does not have compacting step that may
lead to heap fragmentation. G1 is designed to balance the through-
put and latency, through profiling the percentage of live objects in
each region and incrementally reclaiming the regions that are filled
with unused objects. Its object marking phase is similar to that of
CMS. However, to balance the GC frequency and memory utiliza-
tion, it performs object sweeping incrementally in two phases. One
is at the end of each object marking phase, which only sweeps the
regions without any live objects and selects the old regions with
high occupancy of unused objects as candidate regions. When the
total unused objects in these candidate regions reach a threshold,
G1 launches a STW mixed collection phase to reclaim them. This
mechanism reduces the GC frequency at the cost of high memory
consumption. In this paper, we focus on full GC performance since
full GC is usually more time-consuming than young GC.

3. METHODOLOGY
We first explain how we select representative applications to trig-

ger diverse memory usage patterns in Spark. We then introduce
how we setup the experiments with different input data sizes and
configurations. We finally present how we perform GC analysis
by scrutinizing the correlation between the applications’ memory
usage patterns and the collectors’ GC patterns.

3.1 Application selection
The memory usage of Spark applications is affected by data fea-

tures (e.g., cached data, shuffled data, and operator-generated data)
and computation features (e.g., iterative computation). We select
four Spark applications in Table 1 as our experimental subjects.
The four applications are representative. (1) They are from differ-
ent domains, e.g., SQL query, machine learning, and graph compu-
tation; (2) They have different computation patterns, e.g., heavy/-
light data shuffle, data aggregation with different space complexi-
ties, iterative computation with data cache; (3) They have diverse
memory usage patterns, e.g., long-lived accumulated results, tem-
porary output records, and humongous data objects. We explain
these four applications as follows.
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Figure 2: The dataflow of GroupBy application.

(1) GroupBy is a SQL application simplified from the aggre-
gation query in Spark’s BigSQL benchmark [20, 47]. Figure 2
illustrates the GroupBy dataflow, where sourceIP, visitDate, and
adRevenue are three columns of table UserVisits.

SELECT sourceIP, visitDate, SUM(adRevenue)

FROM UserVisits GROUP BY sourceIP, visitDate;

This application is implemented with basic RDD APIs. In map
stage, the map tasks transform each row of table UserVisits to be
⟨(sourceIP, visitDate), adRevenue⟩ record. In reduce stage, each
reduce task performs reduceByKey() to group shuffled records with
the same key to ⟨(sourceIP, visitDate), list(adRevenue)⟩ records,
and simultaneously performs the aggregation function sum() on
each list(adRevenue). Although the space complexity of sum()
in reduceByKey() is O(1), these aggregated records are memory-
consuming. These records are accumulated in a HashMap-like data
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Table 1: Representative Spark applications with different computation features and memory usage patterns. The bold ones are long-lived data objects.

Application Type Application features Memory usage patterns#Cached data #Shuffled records Space complexity
GroupBy SQL None Medium: O(Nrows) reduceByKey(sum) : O(1) Accumulated records
Join SQL None Heavy: O(Nrows of R&U) join() : O(m+ n) Accumulated records, Temporary output records
SVM ML O(Nmatrix rows) Light: O(Nmap task) reduce() : O(|x|) Humongous data objects, Cached records
PageRank Graph O(Nedges) Medium: O(Nedges) join() : O(m+ n) Iterative accumulated records, Cached records

Survivor space is used for swapping the live objects. The live ob-
jects that survive several young GCs in Survivor space are finally
promoted to old generation.

For garbage collection in old generation, namely major or full
GC, the three collectors use different GC algorithms. Parallel col-
lector is designed for high throughput by launching multi-threads to
perform full GC. Its object marking and sweeping phases are stop-
the-world, and performed together in a single full GC. So, Parallel
collector suffers from long full GC pause when there are too many
objects to mark and sweep. Parallel collector also compacts the
free space in full GC cycle to eliminate heap fragmentation. CMS
is designed for low latency by offloading much object marking and
sweeping work to background threads that do not require stopping
application threads. Its object marking phase is divided into three
phases: the concurrent mark phase is for marking all the live ob-
jects, while the other two STW phases (initial mark and remark
phases) are for identifying the GC roots and updating the marking
results. Its object sweeping phase also runs concurrently with ap-
plication threads. CMS does not have compacting step that may
lead to heap fragmentation. G1 is designed to balance the through-
put and latency, through profiling the percentage of live objects in
each region and incrementally reclaiming the regions that are filled
with unused objects. Its object marking phase is similar to that of
CMS. However, to balance the GC frequency and memory utiliza-
tion, it performs object sweeping incrementally in two phases. One
is at the end of each object marking phase, which only sweeps the
regions without any live objects and selects the old regions with
high occupancy of unused objects as candidate regions. When the
total unused objects in these candidate regions reach a threshold,
G1 launches a STW mixed collection phase to reclaim them. This
mechanism reduces the GC frequency at the cost of high memory
consumption. In this paper, we focus on full GC performance since
full GC is usually more time-consuming than young GC.

3. METHODOLOGY
We first explain how we select representative applications to trig-

ger diverse memory usage patterns in Spark. We then introduce
how we setup the experiments with different input data sizes and
configurations. We finally present how we perform GC analysis
by scrutinizing the correlation between the applications’ memory
usage patterns and the collectors’ GC patterns.

3.1 Application selection
The memory usage of Spark applications is affected by data fea-

tures (e.g., cached data, shuffled data, and operator-generated data)
and computation features (e.g., iterative computation). We select
four Spark applications in Table 1 as our experimental subjects.
The four applications are representative. (1) They are from differ-
ent domains, e.g., SQL query, machine learning, and graph compu-
tation; (2) They have different computation patterns, e.g., heavy/-
light data shuffle, data aggregation with different space complexi-
ties, iterative computation with data cache; (3) They have diverse
memory usage patterns, e.g., long-lived accumulated results, tem-
porary output records, and humongous data objects. We explain
these four applications as follows.
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(1) GroupBy is a SQL application simplified from the aggre-
gation query in Spark’s BigSQL benchmark [20, 47]. Figure 2
illustrates the GroupBy dataflow, where sourceIP, visitDate, and
adRevenue are three columns of table UserVisits.

SELECT sourceIP, visitDate, SUM(adRevenue)

FROM UserVisits GROUP BY sourceIP, visitDate;

This application is implemented with basic RDD APIs. In map
stage, the map tasks transform each row of table UserVisits to be
⟨(sourceIP, visitDate), adRevenue⟩ record. In reduce stage, each
reduce task performs reduceByKey() to group shuffled records with
the same key to ⟨(sourceIP, visitDate), list(adRevenue)⟩ records,
and simultaneously performs the aggregation function sum() on
each list(adRevenue). Although the space complexity of sum()
in reduceByKey() is O(1), these aggregated records are memory-
consuming. These records are accumulated in a HashMap-like data
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Table 1: Representative Spark applications with different computation features and memory usage patterns. The bold ones are long-lived data objects.

Application Type Application features Memory usage patterns#Cached data #Shuffled records Space complexity
GroupBy SQL None Medium: O(Nrows) reduceByKey(sum) : O(1) Accumulated records
Join SQL None Heavy: O(Nrows of R&U) join() : O(m+ n) Accumulated records, Temporary output records
SVM ML O(Nmatrix rows) Light: O(Nmap task) reduce() : O(|x|) Humongous data objects, Cached records
PageRank Graph O(Nedges) Medium: O(Nedges) join() : O(m+ n) Iterative accumulated records, Cached records

Survivor space is used for swapping the live objects. The live ob-
jects that survive several young GCs in Survivor space are finally
promoted to old generation.

For garbage collection in old generation, namely major or full
GC, the three collectors use different GC algorithms. Parallel col-
lector is designed for high throughput by launching multi-threads to
perform full GC. Its object marking and sweeping phases are stop-
the-world, and performed together in a single full GC. So, Parallel
collector suffers from long full GC pause when there are too many
objects to mark and sweep. Parallel collector also compacts the
free space in full GC cycle to eliminate heap fragmentation. CMS
is designed for low latency by offloading much object marking and
sweeping work to background threads that do not require stopping
application threads. Its object marking phase is divided into three
phases: the concurrent mark phase is for marking all the live ob-
jects, while the other two STW phases (initial mark and remark
phases) are for identifying the GC roots and updating the marking
results. Its object sweeping phase also runs concurrently with ap-
plication threads. CMS does not have compacting step that may
lead to heap fragmentation. G1 is designed to balance the through-
put and latency, through profiling the percentage of live objects in
each region and incrementally reclaiming the regions that are filled
with unused objects. Its object marking phase is similar to that of
CMS. However, to balance the GC frequency and memory utiliza-
tion, it performs object sweeping incrementally in two phases. One
is at the end of each object marking phase, which only sweeps the
regions without any live objects and selects the old regions with
high occupancy of unused objects as candidate regions. When the
total unused objects in these candidate regions reach a threshold,
G1 launches a STW mixed collection phase to reclaim them. This
mechanism reduces the GC frequency at the cost of high memory
consumption. In this paper, we focus on full GC performance since
full GC is usually more time-consuming than young GC.

3. METHODOLOGY
We first explain how we select representative applications to trig-

ger diverse memory usage patterns in Spark. We then introduce
how we setup the experiments with different input data sizes and
configurations. We finally present how we perform GC analysis
by scrutinizing the correlation between the applications’ memory
usage patterns and the collectors’ GC patterns.

3.1 Application selection
The memory usage of Spark applications is affected by data fea-

tures (e.g., cached data, shuffled data, and operator-generated data)
and computation features (e.g., iterative computation). We select
four Spark applications in Table 1 as our experimental subjects.
The four applications are representative. (1) They are from differ-
ent domains, e.g., SQL query, machine learning, and graph compu-
tation; (2) They have different computation patterns, e.g., heavy/-
light data shuffle, data aggregation with different space complexi-
ties, iterative computation with data cache; (3) They have diverse
memory usage patterns, e.g., long-lived accumulated results, tem-
porary output records, and humongous data objects. We explain
these four applications as follows.
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Figure 2: The dataflow of GroupBy application.

(1) GroupBy is a SQL application simplified from the aggre-
gation query in Spark’s BigSQL benchmark [20, 47]. Figure 2
illustrates the GroupBy dataflow, where sourceIP, visitDate, and
adRevenue are three columns of table UserVisits.

SELECT sourceIP, visitDate, SUM(adRevenue)

FROM UserVisits GROUP BY sourceIP, visitDate;

This application is implemented with basic RDD APIs. In map
stage, the map tasks transform each row of table UserVisits to be
⟨(sourceIP, visitDate), adRevenue⟩ record. In reduce stage, each
reduce task performs reduceByKey() to group shuffled records with
the same key to ⟨(sourceIP, visitDate), list(adRevenue)⟩ records,
and simultaneously performs the aggregation function sum() on
each list(adRevenue). Although the space complexity of sum()
in reduceByKey() is O(1), these aggregated records are memory-
consuming. These records are accumulated in a HashMap-like data
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Figure 3: The dataflow of SVM and PageRank applications.

structure with different (sourceIP, visitDate) keys and remain in
memory until either being spilled onto disk or the completion of
reduce task. Therefore, reduceByKey() exhibits memory usage pat-
tern of long-lived accumulated records.

(2) Join is a SQL application simplified from the join query in
the benchmark [20, 47]. Figure 1b shows the dataflow of Join.

SELECT URL, pageRank, adRevenue

FROM Rankings As R, UserVisits As U

WHERE R.URL = U.URL;

This application is implemented with basic RDD APIs. The map
tasks transform each row of table Rankings to ⟨URL, pageRank⟩
record and transform each row of UserVisits to ⟨URL, adRevenue⟩
record. In shuffle phase, each reduce task performs join() op-
erator to group the two tables’ rows with the same key URL as
⟨URL, list(pageRanks, adRevenues)⟩ records. These grouped shuf-
fle records are kept in memory until being spilled onto disk or the
completion of reduce task, so they are referred to long-lived ac-
cumulated records. In output phase, the join() operator calculates
the Cartesian product of the two sets pageRanks and adRevenues,
and output new records ⟨URL, pageRank, adRevenue⟩ one by one.
Since these records are directly output into HDFS, they are re-
garded as massive temporary output records. The space complex-
ity of join() is O(m + n), where m and n denote the length of
set pageRanks and set adRevenues. Join application suffers from
heavy shuffle, because the number of its shuffled records equals the
number of rows from both Rankings and UserVisits tables.

(3) Support Vector Machine (SVM) is an iterative machine
learning application from Spark MLlib [15] for large-scale data
classification. The training data is a large matrix that contains a
large number of data points. Each data point contains a feature vec-
tor x and a class label y. SVM uses gradient descent algorithm to
iteratively compute the best hyperplane vector w to separate data
points into two classes by minimizing a loss function. Figure 3a
shows the dataflow of SVM, which uses a linear kernel with L2
regularization. The bold variables in the code denote vectors.

gradient = matrix.map(x =>(grad(w,x), loss(w,x)))
.reduce(sum(grad), sum(loss))

w = w - stepSize

*

gradient

At the beginning of each iteration, the initial hyperplane w is
broadcasted to each map task. Map tasks then perform map() to
compute the vector grad(w, x) and value loss(w, x) of each data
point x and sums the ⟨grad, loss⟩ together. The space complexity of
map() is O(|x|), where |x| represents the dimension of data point
x. Since |x| is usually huge (∼60 millions in our experiments),

the grad vector and hyperplane vector w are humongous data ob-
jects (large double array). Different from GroupBy and Join, SVM
has light shuffle because each map task only outputs one record and
only Nmap task records are shuffled to subsequent reduce tasks. Each
reduce task does not accumulate the shuffled records but perform
reduce() to aggregate them into one ⟨

∑
grad,

∑
loss⟩ record. The

space complexity of reduce() is also O(|x|). Finally, the driver
program collects grad vectors from all the reduce tasks, sums these
vectors, and updates the hyperplane w. The training data are re-
garded as long-lived cached records, because they are cached in
memory and serve as the input data for each iteration.

(4) PageRank is an iterative graph application for measuring the
importance of each vertex according to the linked edges. Here,
PageRank is used to compute the rank of each user in Twitter’s
user-followers graph [23].

contribs = followers.join(ranks).flatMap{
(user, (followers, rank)) =>

followers.map(f => (f,rank/|followers|))

}

ranks = contribs.reduceByKey(sum(contrib))
.map(rank => 0.15 + 0.85

*

rank)

As shown in Figure 3b, map tasks perform map() to transform
each edge to be ⟨user, follower⟩ record. In the first iterative stage,
each reduce task groups the shuffled ⟨user, follower⟩ records into
⟨user, list(followers)⟩, which are further cached in memory as the
input data for the following iterations. Therefore, these records are
long-lived cached records. Next, reduce tasks join these records
with users’ ranks as ⟨user, list(followers, rank)⟩, and compute the
Cartesian product on each list(followers, rank). This join operation
does not require additional data shuffling because the followers and
ranks RDDs are co-partitioned. Join is performed in each iteration
and generates massive temporary records. In the second iterative
stage, reduce tasks perform reduceByKey() to aggregate the shuf-
fled ⟨user, rank⟩ records into ⟨user, sum(list(rank))⟩. These shuf-
fled records occupy O(Nedges) space and remain in memory un-
til the iteration ends, so they are long-lived accumulated records.
Different from GroupBy and Join, these long-lived accumulated
records are generated and reclaimed in each iteration. Finally, the
reduce tasks perform map() to compute the new rank of each user.
The rest of iterative stages are the same as the second iterative stage.

3.2 Experimental setup

3.2.1 Input data variation
Input data size is the key to decide the volume of shuffled data

and affects the memory usage of user-defined data operators. We
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structure with different (sourceIP, visitDate) keys and remain in
memory until either being spilled onto disk or the completion of
reduce task. Therefore, reduceByKey() exhibits memory usage pat-
tern of long-lived accumulated records.

(2) Join is a SQL application simplified from the join query in
the benchmark [20, 47]. Figure 1b shows the dataflow of Join.

SELECT URL, pageRank, adRevenue

FROM Rankings As R, UserVisits As U

WHERE R.URL = U.URL;

This application is implemented with basic RDD APIs. The map
tasks transform each row of table Rankings to ⟨URL, pageRank⟩
record and transform each row of UserVisits to ⟨URL, adRevenue⟩
record. In shuffle phase, each reduce task performs join() op-
erator to group the two tables’ rows with the same key URL as
⟨URL, list(pageRanks, adRevenues)⟩ records. These grouped shuf-
fle records are kept in memory until being spilled onto disk or the
completion of reduce task, so they are referred to long-lived ac-
cumulated records. In output phase, the join() operator calculates
the Cartesian product of the two sets pageRanks and adRevenues,
and output new records ⟨URL, pageRank, adRevenue⟩ one by one.
Since these records are directly output into HDFS, they are re-
garded as massive temporary output records. The space complex-
ity of join() is O(m + n), where m and n denote the length of
set pageRanks and set adRevenues. Join application suffers from
heavy shuffle, because the number of its shuffled records equals the
number of rows from both Rankings and UserVisits tables.

(3) Support Vector Machine (SVM) is an iterative machine
learning application from Spark MLlib [15] for large-scale data
classification. The training data is a large matrix that contains a
large number of data points. Each data point contains a feature vec-
tor x and a class label y. SVM uses gradient descent algorithm to
iteratively compute the best hyperplane vector w to separate data
points into two classes by minimizing a loss function. Figure 3a
shows the dataflow of SVM, which uses a linear kernel with L2
regularization. The bold variables in the code denote vectors.

gradient = matrix.map(x =>(grad(w,x), loss(w,x)))
.reduce(sum(grad), sum(loss))

w = w - stepSize

*

gradient

At the beginning of each iteration, the initial hyperplane w is
broadcasted to each map task. Map tasks then perform map() to
compute the vector grad(w, x) and value loss(w, x) of each data
point x and sums the ⟨grad, loss⟩ together. The space complexity of
map() is O(|x|), where |x| represents the dimension of data point
x. Since |x| is usually huge (∼60 millions in our experiments),

the grad vector and hyperplane vector w are humongous data ob-
jects (large double array). Different from GroupBy and Join, SVM
has light shuffle because each map task only outputs one record and
only Nmap task records are shuffled to subsequent reduce tasks. Each
reduce task does not accumulate the shuffled records but perform
reduce() to aggregate them into one ⟨

∑
grad,

∑
loss⟩ record. The

space complexity of reduce() is also O(|x|). Finally, the driver
program collects grad vectors from all the reduce tasks, sums these
vectors, and updates the hyperplane w. The training data are re-
garded as long-lived cached records, because they are cached in
memory and serve as the input data for each iteration.

(4) PageRank is an iterative graph application for measuring the
importance of each vertex according to the linked edges. Here,
PageRank is used to compute the rank of each user in Twitter’s
user-followers graph [23].

contribs = followers.join(ranks).flatMap{
(user, (followers, rank)) =>

followers.map(f => (f,rank/|followers|))

}

ranks = contribs.reduceByKey(sum(contrib))
.map(rank => 0.15 + 0.85

*

rank)

As shown in Figure 3b, map tasks perform map() to transform
each edge to be ⟨user, follower⟩ record. In the first iterative stage,
each reduce task groups the shuffled ⟨user, follower⟩ records into
⟨user, list(followers)⟩, which are further cached in memory as the
input data for the following iterations. Therefore, these records are
long-lived cached records. Next, reduce tasks join these records
with users’ ranks as ⟨user, list(followers, rank)⟩, and compute the
Cartesian product on each list(followers, rank). This join operation
does not require additional data shuffling because the followers and
ranks RDDs are co-partitioned. Join is performed in each iteration
and generates massive temporary records. In the second iterative
stage, reduce tasks perform reduceByKey() to aggregate the shuf-
fled ⟨user, rank⟩ records into ⟨user, sum(list(rank))⟩. These shuf-
fled records occupy O(Nedges) space and remain in memory un-
til the iteration ends, so they are long-lived accumulated records.
Different from GroupBy and Join, these long-lived accumulated
records are generated and reclaimed in each iteration. Finally, the
reduce tasks perform map() to compute the new rank of each user.
The rest of iterative stages are the same as the second iterative stage.

3.2 Experimental setup

3.2.1 Input data variation
Input data size is the key to decide the volume of shuffled data

and affects the memory usage of user-defined data operators. We
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