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Abstract

To improve user service quality, various edge clusters are deployed in proximity
to users. While serving as an important supplement to cloud data centers, these
clusters generate massive user data through continuous interactions. To reduce
job completion latency incurred by processing such cross-domain big data, we
first propose an online randomized scheduling algorithm, ranTA, which opti-
mizes for minimizing the average completion time of a sequence of cross-domain
jobs. ranTA computes preferences online for scheduling each computational task
to different locations based on the heterogeneity of cross-domain resources, and
probabilistically schedules each computational task according to these prefer-
ences. Furthermore, to prevent performance bottlenecks caused by accumulat-
ing “hot” data at edge clusters, we propose a piggybacked data redistribution
mechanism, ranTA-data, built upon ranTA, which retains portions of data at
the cloud data center during task execution. ranTA-data not only optimizes
the completion time of current jobs, but can also be proven to concentrate the
average completion time of job sequences near the optimal solution with high
probability. Large-scale simulation experiments demonstrate that the proposed
online randomized algorithm and data redeployment mechanism reduce the av-
erage completion time of job sequences by nearly 30% compared to traditional
methods.
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Abstract: To improve quality of service, various edge clusters have been de-
ployed near end users. While serving as an important supplement to cloud data
centers, these edge clusters continuously generate massive user data through in-
teractions. To reduce the job completion latency caused by processing such geo-
distributed big data, this paper first proposes an online randomized scheduling
algorithm called ranTA that minimizes the average completion time of a series
of geo-distributed jobs. ranTA online computes preferences for scheduling each
computing task to different locations based on the heterogeneity of cross-domain
resources, and uses these preferences as probabilities to schedule tasks. Further-
more, to avoid performance bottlenecks caused by accumulating “hot” data
at edge clusters, we propose a piggyback data redistribution mechanism called
ranTA-data based on ranTA, which retains some data at the cloud data center
during task execution. ranTA-data not only optimizes the completion time of
current jobs but can also be proven to concentrate the average completion time
of job series near the optimal solution with high probability. Large-scale simu-
lation experiments demonstrate that the proposed online randomized algorithm
and data redistribution mechanism reduce the average job completion time by
nearly 30% compared with traditional methods.

Keywords: geo-distributed data analytics; cloud-edge system; task scheduling

0 Introduction

Major enterprises and organizations such as Google and Alibaba have deployed
multiple data centers and numerous geo-distributed edge clusters worldwide
[1]. Leveraging the powerful processing capabilities of data centers and the
low-latency advantages of edge clusters, such cloud-edge systems provide high-
quality services to users while accumulating substantial user data at various
edges [2]. Many business decisions and data analytics tasks require real-time
comprehensive processing of these geo-distributed datasets [3], making low-
latency geo-distributed big data processing in cloud-edge systems a critical re-
search problem.

Due to limitations in wide-area network data transmission, the approach of
first aggregating massive edge data to cloud data centers for processing not
only consumes bandwidth but also introduces significant latency. Numerous
studies have considered executing tasks locally as much as possible to reduce
cross-domain data transmission. Vulimiri et al. [4] investigated how to perform
minimal data transfers and fast task execution in geo-distributed environments.
Pu et al. [5] discovered that utilizing scarce bandwidth for large-scale data
transfers leads to variable cross-domain transmission times, and thus minimized
cross-domain data transfer volume through appropriate task scheduling. Refer-
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ences [6,7] also considered data transfer and bandwidth usage when selecting
execution modes for big data processing jobs to identify optimal data transfer
strategies. However, due to the computational heterogeneity of edge clusters,
task scheduling that purely optimizes data transfer can lead to load imbalance,
causing task accumulation at “hot” edge clusters. To address this, references
[8,9] proposed batch task scheduling that utilizes idle resources and bandwidth
in cross-domain environments to reduce the overall completion time of batch
tasks. However, directly scheduling tasks to remote cloud data centers when
local computing resources are occupied places an enormous burden on cross-
domain link bandwidth. Since some tasks can obtain idle computing resources
through appropriate local queuing, Jin et al. [10] designed a batch task schedul-
ing scheme supporting local queuing to further reduce the overall completion
time of batch tasks.

Nevertheless, all these studies focus only on the currently submitted job and
reduce its completion time through task scheduling. In fact, in such heteroge-
neous distributed cloud-edge systems, data distribution is key to job execution.
If “hot” data can be transferred to powerful data centers as much as possible,
subsequent related jobs can be completed efficiently. Existing work has opti-
mized the completion time of current tasks but has not considered the average
completion time across multiple jobs, i.e., they have not systematically stud-
ied the benefits that current task scheduling-induced data redistribution brings
to subsequent jobs. Therefore, this paper aims to optimize the average com-
pletion time of job series and deeply investigates the task assignment problem
for geo-distributed big data jobs. We propose an online randomized task as-
signment algorithm called ranTA and a piggyback data redistribution strategy
called ranTA-data. These approaches not only optimize the completion time
of current jobs but also prove that the average completion time of job series
concentrates near the optimal solution with high probability. Extensive simula-
tion experiments also demonstrate that the online randomized task scheduling
algorithm and piggyback data redistribution strategy exhibit excellent perfor-
mance, reducing the average job completion time by nearly 30% compared with
traditional methods.

1 Geo-Distributed Big Data Processing in Cloud-Edge Sys-
tems

1.1 Cloud-Edge System and Big Data Processing

A cloud-edge system comprises a series of geo-distributed edge clusters deployed
across various locations and a powerful cloud data center. The computing ca-
pacity of edge clusters and cloud data centers is generally characterized by the
number of computing units (slots) [2]. The cloud data center is typically as-
sumed to have abundant computing units, while edge clusters have relatively
weaker processing capabilities with limited computing units that may become
heavily loaded. All edge clusters have network connections to the cloud data
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center, enabling data transmission and information exchange.

Generally, a data analytics job can be defined as a Directed Acyclic Graph
(DAG) [5], where nodes represent stage functions and edges represent depen-
dencies between stages. During execution, mainstream big data processing plat-
forms such as Hadoop and Spark generate a set of parallel executable tasks for
each stage of a DAG job and execute these tasks in batches according to the
current job stage. Since all tasks in a stage of a DAG job must complete before
proceeding to the next stage, the job completion time depends on the last com-
pleted task. For a computing unit s, let ¢, denote its pending workload, i.e.,
the time required to process all waiting tasks on computing unit s. Each data
analytics task processes a data block of size d stored in HDFS [11] as input data
[12], so data must be transferred to the computing unit running the task. The
limited number of computing units in edge clusters may cause task queuing and
extend task execution time; data centers have abundant computing resources
for fast task execution but often face time consumption when extracting data
from edges. The objective of job scheduling in cloud-edge systems is to decide,
before a big data processing platform begins executing a batch of tasks in a
stage, whether these tasks should execute at the edge cluster where the rele-
vant data resides or be transferred to the data center, thereby minimizing job
completion time.

Since some data analytics tasks remain in local clusters while others are pro-
cessed at remote data centers, we need to evaluate the load generated by batch
data analytics tasks locally and at the data center after task scheduling to op-
timize job completion time. For a data analytics job j and its batch of tasks,
let D;; denote the dataset accessed by these tasks on edge cluster ¢. The op-
timization objective for a single job is to minimize the completion time of the
batch tasks. The load generated by batch tasks includes two aspects: (a) com-
putational load produced in local edge clusters, and (b) load transferred from
edge cluster 7 to the cloud data center due to task scheduling. Let U;, denote
the total load on computing unit s after scheduling job j, and let V}; denote the
load transferred from edge cluster ¢ to the cloud data center after scheduling
job j. Let Bj; denote the available bandwidth from edge cluster i to the cloud
data center for job j. For any computing unit s, these two types of load can be
expressed as:

Ujs: Z des'¢s'ed'7

deDy;

where [, is a scheduling indicator variable indicating whether the data analyt-
ics task in job j that uses data block d as input is scheduled to computing unit
s. The term ¢, - e, -y in equation (1) represents the processing latency for data
analytics tasks using data block d as input. Since edge clusters have relatively
weaker processing capabilities compared to cloud data centers, the processing
latency at edge cluster ¢ in equation (2) is ¢, - e, - v, where ¢, indicates that

chinarxiv.org/items/chinaxiv-201901.00047 Machine Translation


https://chinarxiv.org/items/chinaxiv-201901.00047

ChinaRxiv [$X]

computing unit s is located in edge cluster 4, and -y is the processing speed ratio
of edge cluster i relative to the cloud data center.

For the number of data analytics tasks, they share bandwidth B,;, so the total
transmission latency is the single task transmission latency multiplied by the
number of tasks. Finally, among these data analytics tasks transferred to the
data center, the last one to complete is the task with the longest execution
time. Therefore, the longest execution time among these tasks is added to the
transmission load.

1.2 Cross-Domain Big Data Processing Job Scheduling Problem

For a data analytics job j, the objective is to minimize the job’s completion time,
which depends on the last completed task. Since related tasks are distributed
across various edge clusters or the cloud data center, the task scheduling ob-
jective for a single job can be transformed into minimizing the maximum load
across clusters where tasks reside:

m¢in max{U;,, V;;}

For a series of jobs, optimizing the completion time of each individual job locally
does not necessarily minimize the average completion time across jobs. There-
fore, this paper defines the cross-domain big data processing task assignment
problem for optimizing the average completion time of job series.

Definition 1 (Cross-Domain Big Data Analytics Task Assignment Problem,
Geo-TA). For a batch of pending tasks from a DAG-based big data processing
job, assign these tasks to relevant data clusters or transfer them to the data
center to minimize the average completion time of all jobs. The completion
time of each job is defined by equation (3).

Theorem 1 The cross-domain big data processing task assignment problem
Geo-TA is NP-hard.

Proof. The known multiprocessor scheduling decision problem is NP-hard [13],
defined as: given n processors and m jobs with processing times p,, determine
whether there exists a schedule 1 such that the completion time is less than
or equal to a given parameter k, i.e., max g Zmp(i):s p; < k. For any in-
stance of the multiprocessor scheduling decision problem, we can reduce it in
polynomial time to an instance of the Geo-TA decision problem, and the two de-
cision problems produce consistent outputs under any scheduling strategy. The
Geo-TA decision problem is defined as: given parameter k, whether the overall
completion latency of Geo-TA, i.e., equation (4), is less than or equal to k.

First, in the Geo-TA decision problem for cross-domain resource deployment,
construct an edge cluster with n computing units and available bandwidth B
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as an infinitesimal value. Construct a data analytics job with m data analyt-
ics tasks, where the execution time of each task using data block 7 as input
corresponds to p;. This reduction from any multiprocessor scheduling decision
problem instance to a Geo-TA decision problem instance can be completed in
O(n 4+ m) time, making the parameter k in the multiprocessor scheduling deci-
sion problem the same as parameter k in the Geo-TA decision problem. This
reduction process is polynomial.

Next, for any multiprocessor scheduling strategy that schedules job ¢ to processor
or machine s, in Geo-TA we schedule the i-th data analytics task to computing
unit s (since bandwidth is too low, tasks will not be scheduled to the cloud
data center). In this way, the overall completion time in the multiprocessor
scheduling decision problem is max gy .. wi)=s Pis which is consistent with
the overall completion time in Geo-TA. Therefore, under the same parameter k,
the two decision problems produce the same output.

Thus, since the Geo-TA decision problem is NP-complete, the Geo-TA problem
is NP-hard. Otherwise, setting k to any value smaller than its optimal solution
would allow the Geo-TA decision problem to be decided in polynomial time,
contradicting the fact that the decision problem is NP-complete.

2 Online Randomized Task Scheduling Algorithm and Pig-
gyback Data Redistribution Strategy

Since the above task scheduling problem is NP-hard and jobs arrive continuously,
this paper proposes an online randomized resource deployment algorithm that
attempts to minimize the completion time of each job. Based on this, we design
a piggyback data redistribution strategy and theoretically prove that under this
task scheduling and data redistribution mechanism, the average completion time
of job series can concentrate near the optimal solution with high probability.

2.1 Online Randomized Task Scheduling Algorithm

The task scheduling problem of minimizing the completion time of the current
job, i.e., optimizing equation (3), is a special case of the Geo-TA problem and is
also NP-hard. However, this problem can be relaxed into a linear programming
problem called IpGeo-TA (linear programming Geo-TA). Although the solution
obtained by linear programming cannot be directly applied to the original cross-
domain resource deployment problem, it reflects the algorithm’ s preferences
for current resource deployment. Therefore, this paper utilizes the theoretical
optimal solution from this linear programming and uses it as a probability to
schedule data analytics tasks. For a series of data analytics jobs, we can also
prove that the results concentrate near the optimal solution with high probabil-
ity.

Algorithm 1. Online Randomized Task Scheduling Algorithm ranTA
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L. Solve IpGeo-TA — {p;,,}

2. for each task do

3. Probabilistically round I, to {0,1}
4. Schedule the task to computing unit s

5. end for

Algorithm 1 first relaxes the original cross-domain resource scheduling problem
into a linear programming problem IpGeo-TA (line 1). Based on equation (5),
with a single job j as the optimization objective, the variable I}, is relaxed to
a real number in [0, 1]:

S

m(;n max{Uj,, V}; }
s.t. ijds =1; Vj,d
pjds € [07 1]

Since the variables are real numbers in [0, 1], this problem can be efficiently
solved using linear programming. For each task, the obtained {p;,,} is rounded
probabilistically (lines 2-5). Specifically, for each data analytics task of job j
that uses data block d as input, a random number r € (0,1] is selected. If
r falls in the interval (ZZ: dek,Zzzl Djarl, then ;. is 1; otherwise, it is 0.
This randomized rounding strategy ensures that for any data analytics task,
exactly one computing unit can serve the task. Moreover, since the proba-
bility that I,;, equals 1 is exactly the probability that r falls in the interval

(Zzz Djdk> 22:1 Pjax), the probability that I;,, equals 1 is precisely pjq.

Finally, when scheduling real data analytics tasks, we can perform two pseudo-
scheduling deployments in advance and select the scheme with lower load as the
actual deployment strategy. This is because after making a choice between two
options, the lower-load strategy can further reduce the probability of high load
occurrence. The problem defined by IpGeo-TA in line 1 of the algorithm can
be efficiently solved using linear programming techniques, while the remaining
part of the algorithm (lines 2-5) has complexity of only O(§), where & is the
number of computing tasks contained in a job.

2.2 Piggyback Data Redistribution Strategy

After scheduling tasks to the cloud data center, we can immediately choose
to retain the data there (piggyback data redistribution). This is because task
execution itself requires data access. After transferring tasks to the data center,
we can directly utilize the already transmitted data for retention. In this way,
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as long as subsequent data analytics jobs need this data block again, they can
execute directly at the data center without transferring data again from the
edge computing cluster.

Meanwhile, piggyback data redistribution can also reduce the burden on edge
computing clusters because subsequent data analytics tasks will be computed in
the powerful cloud data center, preventing edge computing clusters from becom-
ing hotspots and bottlenecks. This is particularly important in heterogeneous
environments where some edge computing clusters have relatively weak capabil-
ities, and retaining large numbers of data analytics tasks locally would create
enormous load burdens on these clusters.

Algorithm 2. Piggyback Data Redistribution Strategy ranTA-data
1. ranTA

2. for each task do
3. if the task is scheduled to the cloud data center then

4. Retain data at the data center

5. end if

6. end for

7. for each edge cluster i do

8. Perform data redistribution

9. end for

This algorithm differs from the online task scheduling algorithm in that it uses
the output of ranTA for data redistribution, i.e., it directly retains associated
data at the cloud data center after task scheduling. Because this data redistri-
bution strategy requires no additional cost (lines 3-7), it is called a piggyback
data redistribution mechanism.

Furthermore, during piggyback data redistribution, we can optimize using the
varying task completion times across different edge clusters (lines 8-10). The
completion time §2; of job j may differ across edge clusters due to factors in-
cluding edge cluster computing capacity, bandwidth, pending load, and data
distribution. Therefore, we can leverage such load differences to allow data
redistribution before the slowest edge cluster completes, i.e., perform data re-
distribution within the following constraint:
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Q;— miaX{Vji} >0

Since job completion depends on the slowest task, which must exist in some
slowest edge cluster, the job cannot finish before that edge cluster completes its
tasks. Utilizing this time interval for data redistribution achieves better results.

2.3 Theoretical Analysis

This section first demonstrates that the data analytics job completion time ob-
tained using only the ranTA algorithm can concentrate near its optimal solution
with high probability (Theorem 2). Furthermore, using the data redistribution
strategy ranTA-data can achieve a better theoretical bound (Theorem 3).

Theorem 2 The data analytics job completion time obtained by Algorithm 1
can concentrate near its optimal solution with high probability, i.e.:

Pr |max{U,,} < max{E[U;]} +A| >1—4¢

First, consider a single job j. After randomized scheduling, we obtain the real
scheduling result U;,. Construct the random variable:

Ajs = Ujs - E[Ujs]
where the left side of the inequality represents the actual scheduling load, the
first term on the right is the maximum expected load across computing units
(i-e., the theoretical optimum using {p,4s} for scheduling), and the last term
represents the distance between the actual scheduling and the optimal local
scheduling. This distance increases exponentially as the probability (1 — ) de-
creases. Let F'(J) denote the maximum value of the rightmost term in equation
(17) across all jobs. Then for all jobs j, the following inequality holds with
probability at least (1 —0):

mSaX{Ujs} < m?x{[E[Ujs]} + F(9)

Next, consider a series of jobs. For each job, the probability that equation (18)
does not hold is at most 6. Using the Union Bound [15], for a series of n jobs,
the probability that at least one violates the inequality is at most nd. Therefore,
the following inequality holds for the job series with probability at least (1—nd):

% > max{U;,} < % > max{E[U;,]} + F(6)
Jj=1 j=1
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If job j uses data blocks where the successor data block index of d is greater
than d, then {A } forms a martingale difference sequence. Applying Azuma’ s
inequality [14] to this martingale difference sequence yields:

t2
Pr||A >t <2 ——— 5
L8l < ex"( 2zd¢zefnz>

where the inequality indicates that after randomized scheduling, the load on
computing unit s will not be far from its expectation. This distance increases
exponentially as probability (1—4) decreases. Since max,{E[U,]} is the theoret-
ical optimal solution obtained using {pjds}, this implies that after randomized
scheduling, all computing units concentrate near their optimal solutions with
high probability, i.e., the following inequality holds with probability at least
(1=9):

max{U,} < max{E[U,.]} + v/2In(1/8) - max{g, e}

Similarly, for V};, we can obtain:

m?X{Vji} < m?X{[E[ij‘]} +v2In(1/9) 'mdaX{Tji - By}

Since the local theoretical optimal solution is always better than any integer
scheduling result, max {E[U;,]} and max,{E[V};]} are lower bounds for any in-
teger scheduling result of job j. For any integer scheduling, its upper bound is
to first transfer all data in edge clusters to the data center and then execute.
Therefore, the following inequality holds with probability at least (1 — nd):

1 & .
- ;max{mgx{Ustm?X{Vji}} < Opt+0 (E) + F(5)

Finally, since the global optimal solution cannot be better than having all data
already in the cloud data center from the beginning, and the total uploaded
data volume is at most the total data access volume m, equation (20) can be
transformed into the following inequality that holds with probability at least
(1 —mnd):

n

3" Ci(¢) < Opt+0 (%) + F(5)

1
n <~

Thus, using only algorithm ranTA, the cross-domain resource deployment result
concentrates near its optimal solution with high probability.
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Theorem 2 provides the theoretical upper bound for the average completion
time of job series using the ranTA algorithm. In traditional execution, even
if data is transferred to the cloud data center, it is not retained after task
completion. In our proposed piggyback data redistribution, data transferred to
the cloud data center is directly retained after task execution, and more tasks
will be scheduled to the cloud data center based on job characteristics (i.e.,
ranTA-data) to optimize benefits for subsequent jobs accessing the same data.
Theorem 3 provides the upper bound for the average completion time of job
series using ranTA-data.

Theorem 3 Using the piggyback data redistribution strategy ranTA-data, the
data analytics job completion time can concentrate near its optimal solution
with high probability, i.e. (where m’ is the number of distinct data blocks among
all data accesses):

1< m’
=" Cy(¢) <Opt+0 <) + F(6)
n 4= n
For each scheduling, assume that after scheduling job j, the optimal scheduling
transfers z;; tasks from edge cluster ¢ to the cloud data center. Then equation
(20) can be rewritten as:

1 Z max{max{U;,}, max{V};, — z;,}} < Opt + O (m) + F(5)
n = s % n

Since max;{E[V};]} is the theoretical optimal solution obtained using {p;,},
this implies that after randomized scheduling, max;{V};} concentrates near its
optimal solution with high probability across all edge clusters, i.e., the following
inequality holds with probability at least (1 — §):

m?x{‘/ji} < m?X{[E[Vji]} +v/2In(1/6) - mdaX{Tji - By}

Therefore, across all edge clusters, the following inequality holds with probability
(1-9):

% 3" max{max{U,,}, max{V;;}} < Opt + O (Z) + F(6)
le S K3

This is because if local computing load remains unchanged, transferring one
more task to the cloud data center would make the overall latency of the optimal
scheduling longer (since max; {[E[V};]} is a lower bound for any integer scheduling
result of job j). If piggyback data redistribution is performed based on optimal
scheduling, for duplicate data, data is uploaded at most once, so m’ < m. Thus,
equation (23) becomes:
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1& m’
—3 " Ci(¢) <Opt+0 () + F(9)
n 4~ n
The forms of Theorem 2 and Theorem 3 are similar, with the difference being
m and m’, where m is the number of all data blocks related to tasks, and m’ is
the number of distinct data blocks related to tasks. m contains repeated data
accesses, so m’ < m. Intuitively, thanks to piggyback data redistribution that
retains data at the cloud data center for subsequent job series, the theoretical
bound of the ranTA-data strategy is superior to that of ranTA.

3 Performance Evaluation
3.1 Evaluation Methodology and Design

The simulation experiment evaluates algorithms based on the same optimization
objective: the average completion time of job series. This paper compares the
performance of four algorithms: (a) Local Execution, which directly deploys
tasks to the edge cluster where data resides; (b) Aggregation [16], which first
aggregates all data to the cloud data center before execution; (c¢) ranTA, which
schedules based on local optimal solution but does not retain data transferred
from edges at the cloud data center after task execution; (d) ranTA-data, which
performs online scheduling and retains data transferred from edges at the cloud
data center.

The simulation experiment simulates common parameter settings in cloud-edge
scenarios:

a) Cloud-Edge Environment Setup: 800 edge clusters and one central
cloud data center; each edge cluster has 10-150 computing units; the pro-
cessing speed ratio of edge clusters relative to the cloud data center ranges
from 1 to 5 times, and the bandwidth of each edge cluster varies from
100Mbps to 1Gbps [5].

b) Data Analytics Jobs: 100 data analytics jobs, each containing 50-750
data analytics tasks [17]; each task processes a data block of size 64MB.

¢) Data Distribution: 30,000 data blocks are deployed across different
edge clusters following a Zipf distribution [9] with default parameter 0.85;
to reflect data reuse characteristics [18], 30% of data is accessed with
probability 0.8.

3.2 Experimental Results Analysis

[Figure 1: see original paper]~[Figure 3: see original paper] show how job com-
pletion time changes as the cloud-edge environment settings vary. ranTA-data
performs the best, achieving average improvements of 33.9%, 31.6%, and 24.3%
compared with traditional data locality and aggregation strategies when the
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number of computing units, bandwidth, and number of edge clusters change,
respectively. Compared with ranTA without data redistribution, it achieves av-
erage improvements of 14%, 14.3%, and 16% under the same respective changes.

[Figure 1: see original paper| shows the completion time varying with the num-
ber of computing units. [Figure 2: see original paper] shows the completion time
varying with bandwidth. [Figure 3: see original paper] shows the completion
time varying with the number of edge clusters.

[Figure 1: see original paper| and [Figure 2: see original paper| indicate that
ranTA achieves greater improvements over the other two algorithms when edge
cluster resources are relatively scarce (number of computing units or bandwidth).
This is because ranTA combines the current system state when each job arrives,
scheduling some tasks to the cloud data center to alleviate high load locally
or on network bandwidth, avoiding long queuing waits for idle computing re-
sources locally or sharing scarce network bandwidth with massive transfer tasks.
However, the improvement is still limited compared with ranTA-data because
ranTA-data retains all data scheduled to the cloud data center through piggy-
back data redistribution, enabling direct benefits for subsequent jobs that reuse
the same data.

[Figure 3: see original paper] shows that when the number of edge clusters is
small, data distribution becomes concentrated, causing large amounts of data
to accumulate in a few edge clusters and increasing the burden on correspond-
ing edge clusters. Consequently, both aggregation and data locality strategies
maintain high completion times. Although ranTA’ s completion time is also
relatively high in this scenario, it has made efforts to Bigk load. ranTA-data
performs the best because, in addition to transferring load, the data retained at
the cloud data center effectively improves subsequent jobs.

[Figure 4: see original paper] and [Figure 5: see original paper| show how job
completion time changes as data analytics job settings vary. ranTA-data contin-
ues to excel, achieving average improvements of 31.6% and 34.1% compared with
traditional data locality and aggregation strategies when the number of jobs and
average number of tasks change, respectively. Compared with ranTA without
data redistribution, it achieves average improvements of 18% and 16% under
the same respective changes. As the number of jobs increases or the number of
data analytics tasks per job grows, the load on edge clusters increases continu-
ously, causing the completion times of aggregation and data locality strategies
to increase significantly. However, ranTA-data increases slowly because it con-
tinuously performs load balancing of data analytics tasks at runtime, and data
transfers also serve subsequent jobs.

[Figure 4: see original paper| shows the completion time varying with the num-
ber of jobs. [Figure 5: see original paper| shows the completion time varying
with the average number of tasks within a job.

[Figure 6: see original paper] shows the average job completion time varying with
data distribution. ranTA-data achieves an average improvement of 27.2% com-
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pared with traditional data locality and aggregation strategies, and at least 13%
improvement compared with ranTA with only online data distribution. A larger
Zipf parameter in the data distribution means more uneven data concentration
in fewer edge clusters. This high load on some edge clusters causes extremely
high latency for aggregation and data locality strategies. When data distribu-
tion is more uniform, ranTA-data may occasionally perform slightly worse than
uploading all data due to the huge number of edge clusters. This is because
both ranTA and ranTA-data are based on randomized scheduling strategies;
when the number of data analytics tasks is small, randomized rounding may re-
sult in worse completion time than scheduling all tasks to the cloud data center.
Finally, data locality performs worse than aggregation when data distribution is
extremely uniform because edge clusters have a processing speed ratio compared
to the cloud data center, making local execution of the same tasks more costly
than uploading all to the cloud.

4 Conclusion

This paper addresses the bottleneck problem that occurs in geo-distributed en-
vironments when processing big data across heterogeneous edge clusters, where
clusters with weak computing capabilities or scarce bandwidth connections be-
come performance bottlenecks. We propose an online randomized task schedul-
ing algorithm called ranTA and a piggyback data redistribution strategy called
ranTA-data. The algorithm schedules each computing task probabilistically
based on system preferences, and we prove that under this scheduling mecha-
nism with piggyback data redistribution, the average completion time of job
series concentrates near the optimal solution with high probability. This ap-
proach reduces the average completion time of job series and holds significant
theoretical and practical importance.
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