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Abstract A large quantity of data is transmitted through the network during the process in
distributed big data processing framework, resulting in the time consumption for data transmission
between each node becomes one of the main costs of the operation. However, in the case of
heterogeneous bandwidth of nodes, traditional data partitioning methods such as Hash partitioning or
range partitioning will be inefficient, due to the existence of bandwidth bottleneck nodes. Data
partitioning is necessary for big data processing and inefficient data partitioning methods would
significantly increase the running time of jobs. We therefore propose a data transmission model
between nodes to reduce time consumption in distributed heterogeneous bandwidth networks. The
model calculates each node’s optimal data distribution ratio to minimize the data transfer time,
according to its uplink and downlink bandwidth as well as the initial data size. Besides, a bandwidth-
based data partitioning method is designed based on the proposed model, enabling each node to
allocate data under the optimal data distribution ratio. We demonstrate the effectiveness of our
bandwidth-based data partitioning method through the implementation in the Apache Flink framework
and have significantly improved efficiency. Extensive experimental results show that the bandwidth-
based data partitioning method can effectively reduce the time consumption of data partitioning in

distributed heterogeneous bandwidth conditions.
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Table 4 Bandwidth Information

x4 TEREEXR Mbps
Experiments U Stawer 1 stauer U Stqver 1 Staver U Stave3 1 Staves
experimentl 100/10 100/100 100/100
experiment2 100/25 100/100 100/100
experiment3 100/50 100/100 100/100
experiment4 100/75 100/100 100/100
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Fig. 5 Running time in different partition modes

in experiment 1
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Table 5 Proportion of Lineitem After Partition

in Experiment 1

+£5 SCI§ 1 Lineitem 2 X F& T SHIBLL 6 »

Partition Method Slavel Slave?2 Slave3
Hash Partition 33 33 33
Range Partition 31 39 30

Bandwidth Partition 3 48 49

Table 6 Proportion of Orders After Partition

in Experiment 1

X6 T 1H Orders PREETEREMFELLG X%

Partition Method Slave 1 Slave?2 Slave3
Hash Partition 33 33 33
Range Partition 29 35 36

Bandwidth Partition 3 43 54
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Fig. 6 Running time in different partition modes

in experiment 2
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Table 7 Proportion of Lineitem After Partition
in Experiment 2

£ 7 5238 2 1 Lineitem X FET A EIBLLH %

Partition Method Slavel Slave?2 Slave3
Hash Partition 33 33 33
Range Partition 34 30 36

Bandwidth Partition 10 44 46

Table 8 Proportion of Orders After Partition

in Experiment 2

K8 T 2H Orders PREETERHMFELLE X%

Partition Method Slavel Slave?2 Slawve3
Hash Partition 33 33 33
Range Partition 35 30 35

Bandwidth Partition 15 47 38
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Fig. 7 Running time in different partition modes

in experiment 3
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Table 9 Proportion of Lineitem After Partition

in Experiment 3

F9 LI 3 Lineitem S X EETRBIRLH X

Partition Method Slavel Slave?2 Slave3
Hash Partition 33 33 33
Range Partition 39 26 35

Bandwidth Partition 15 45 40

Table 10  Proportion of Orders After Partition
in Experiment 3

F 10 3KI8 3 Orders SR EET SBIBIEH %0

Partition Method Slavel Slave?2 Slave3
Hash Partition 33 33 33
Range Partition 37 33 30

Bandwidth Partition 14 51 35
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Fig. 8 Running time in different partition modes

in experiment 4
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Table 11 Proportion of Lineitem After Partition
in Experiment 4

F 11 I8 4 A Lineitem 2 X F& T A EIBLL 6 %

Partition Method Slavel Slave?2 Slave3
Hash Partition 33 33 33
Range Partition 30 36 34

Bandwidth Partition 31 31 38
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Table 12 Proportion of Orders After Partition

in Experiment 4

F12 K49 Orders PREET AEIBILH X0
Partition Method Slavel Slave?2 Slave3
Hash Partition 33 33 33
Range Partition 26 45 29
Bandwidth Partition 26 40 34
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