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Abstract

This paper proposes a sampling-based mapping partitioning optimization method to address the
common data skew problem in the MapReduce framework when processing large-scale data. The
method uses reservoir sampling to sample the data, obtain information on data distribution, and
then combines the overall data distribution estimation algorithm and the mapping partitioning al-
gorithm to achieve balanced data partitioning. Experimental results show that the proposed
method performs well under different degrees of skewness, significantly reducing job execution
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time, improving partition balance, and enhancing cluster resource utilization.
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Figure 1. Schematic diagram of data skew
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Figure 2. Schematic diagram of “sharding”
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Figure 3. The performance impact of data skew
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Table 1. Reservoir sampling algorithm

= 1. KEHEEEE
SE 1 IR S

N RAREHE M, FEAK/n
frth: K/ANJyn IFEA S
S « initialized array // size of n
i—0
for each s in M do
if i <n then
S[i] < s
else
j < random(1,i)
if j <n then
S[] s
end if
10: end if
11: i« i+l
12: return S
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Table 2. Overall data distribution estimation algorithm
=2 BEKESHIBERMGITEE

Bk 2 BEAREUE A S DL TH5E GDDEA

N S Sample matrix, #FEZE R

th: BAREE SRS

1: S+« // elements are unique

: for each key in Sample matrix do
if key in S then

2

3

4: Skey «— <key:S.key.num+1>
5: else
6:

7

8

Skey «— <key:1>
end if
. end for
9: foreach Siin S do
10: Si « <keyi:num/R>
11: end for
12: return S

A 7TRBAEPRBEEN RS S )5, RIEMES S SR AR BIA R K2 X ASTHW 7 —Fh
WS> X 59E ATMP, DAL S A BEACR IF 2l B (5UR) ) L. ATMP ARSI AN AT SE S Sy 2>
DXASEL n ABURE 2 DX o5 B BB To 2 50E E e TH B R BRI B4 total, BlJGIEIES S RN IT

% i, WTEANEE key [0{H, 2555 1 S '““lm A T, MZTEE— SRS N AT, 3+

tota

NEAF ICER B — NS KR RAF Partition]D, {7 THE4G P o B, EEAE G A R 0T 5
key MU AYEL, SR )5 R HO 20 DB n BOBE 18 2170 X (H . BeJE, ATMP S3%R Bl 6085 By o6 &R 14k
Py WA SR IR BT XU SR R . 35 3 R 7 X SVE ATMP (D ARHS
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Table 3. Mapping partitioning algorithm
#® 3. RESXEE

HiE 3 WU X HE: ATMP

BN BAREHREMAES S, B XAEn, BRI XI5 EEEIE T
s WX A

1: total « 0// initialize to zero

2: P« &/ elements are unique

3. foreach Siin S do

4: total < Si.num-+total

5: for each Siin S do

6: if Si.sum/total > T then

7: Si — {Si1,Si2,..,Sin}

8: for each S;in Si do

9: Pj < <keyj:Partition]D>
10: end for

11: else

12: Pi « <key: hash(Si.key)%n>
13: end if

14: end for

15: return P

FEXT B AR AL BRI Aok, W] DAARE RS 70 XEE 6, K 3080 WU B 2 (K 00 X e B 564 B S X 4%
(I i 75 ZE 4R 7K Partitioner 28, LABRSS 73 X TTZl P AEONRIN, Bt Xt R 70 X 1D A% a2 AR T4
Wi oy X T B U P S ILRCEAE . BAAT S, S THRAR k, RO EHE R 5cd P his
X e Pi (BEDLAC. A UCACHLD, Skt —B R Pl R B u Rk n B2 A0 X, BIR#E Pi K E
RERT 1. HPEEZN2X, WS 770X Py, IR [BIILEC 7y X PartitionID. 2, #
Pi R#EATHRSr, M EHEIRE Pi f PartitionID. # 4 ASE k ARULHCEMEMR 70 X Te, 532 R e 7y bR 4L
T key HIMEAE, PRJEXT 70 DR BUBUEE, A7 X 1D, DA PR AR UL ECBEBE B8 A A BE X E 2 o X e 36
4 SR B S SR B D AR

Table 4. Data mapping
= 4. BUEMRET

B 4 HEm

FioN: B X G4 P

Hith: /X ID

1: extends Partitioner<k,v>
for each Piin P do

2

3 if <k match Pikey> is true then
4 if Pi.length > 1 then

5: for each P; in P; do

6: return Pj.key.PartionID
7

8

else
: return Pi.key.PartionID
9: end if
10: else
11: return k.HashCode%PartionNum
12: end if
13: end for
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Figure 4. Execution time under different sampling rates and different de-
grees of skewness
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Figure 5. Execution time of four algorithms under different skew levels
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