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Parallel Research on Batch Gradient Descent Algorithm in
Logistic Regression
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Abstract: Because the batch gradient descent algorithm should access all data samples in logistic regression, it
will lead to high computational overhead, which is difficult to be handled by a single computer. To resolve the
efficiency problem caused by large-scale training datasets, we proposed a parallel algorithm based on the
MapReduce distributed computing framework. Firstly, training datasets were stored by using the Hadoop
Distributed File System. Then, MapReduce processed the datasets slice by slice. Each slice was handled by a
Map node. After that, the outputs of each node were transmitted to a combiner node, which merged data
belonging to a same slice. Next, the merging results of all slices were put into one output file through the Shuffle
process. Finally, the out put filewas passed to the Reduce node for calculation and updating parameters.
Experimental results show that reliable parameters can be also achieved in the cluster environment. Above all,
the parallel computing method has the obvious advantage of high efficiency when the training datasets grow huge.

Keywords: logistic regression; parameter training; MapReduce; parallelization

KRB HIRZOTTEN SUE Rl Sr 242K

3B (] B R AL e 2 o) U R LR Al
DR ¢iige e NN LEPNE { Ep Rr e Wit

AR AR B P AR A AR T B (ER AR A ATl R i

FIZCRAR R o 22 38 (] DRV 2R (S A 2 e 1] ) il
ELERT AR N TR e
S, FE T S HRAE R PR S A 5 A

1575 HH#5 :2019-06-24

VEAT AR R 22 53 S TR Bl A RS PR 2]
kB © 2 AR FRT PB Y L, 531 10
THE I B 0 R B % P b PR OCHE B B 4

EWE DU TR =R B AR R K40 [ (2018074)

{EHE RN 205k . E-mail:liyaoshuncn@163.com

HEWAEE X BGE W, B #d% . E-mail :11273@163.com

513 A& 3K kg, NI B, T2 5 1 b A IR LR [ BRI AT AL [T ). DU AR R 22441, 2019, 41(5) :499-503.



500 BT K22 4]

a1t

B H SRR R B v AN AT ke S 7 BN 2 R
IR 547 38 Ty LA BEH 2 0, X Fh 82 47 i 55 Bl
& I RBCHE B 350, JIT 3 6 1Y) 6 UL 2 X LA
I AR Z 05 A G EE R A g T
R A S 7 S & ] Apache & 4 2 HF % #) Ha-
doop 73 i AAHESE , i 4l T K ECHE b #2404 g KTl 37,
C 2 RS I & W AR i . Hadoop H i HDFS
B B S B RE 7 MapReduce Ab BAT: 45 B %) 15 50
RN B B TRRE e TR R 2y o i R G
R S . MapReduce & Hadoop H1 ) — 4>
o3 A Ot EAE SR BB — B A 0 T AT 55 X )
S JUBUAH X B8 1Y 1 SAT 55 A2 th 25 R
IFAT b B LI AT 55 AR AR SOk ] e
MapReduce HE 42T git i 32 45 [0l 15 (9 Z: B0 2 72
PEATRIE, JF 5 BT GO T I FEEA T AR
I SR A TYAIE

1 IRE=

2 [T A PR R REAS B R IE SRR A R AR
() ME R I R RS ok, T3 4 RO 38 I AR R 1 R IE R
AR — D F AR NS, B R —
Tl o SRR | 32 %2 i e — 43 2 [l

W LA P 2t e S i BOE S R

Oy +0,x,+0,%,+, ... +0,x,=>" Ox,=0"x (1)

Hr o, RKRE n NFIESEL, x, Fom — 174
LN o 1 (=

HBH M A T Sigmoid pREL, FEUWTT -
(2)

g(2)=
) 3 T PRI R -
h(x)=g(0"x)=
H(x) g( x) 1+e—0'x
hy(oc) B335 45 SRR 1 ROMES . I
LR REEAREGE N m I T R KRPURAE TR S 15
A pRECINT
J(0) = " [y log hg(xl.) +(1—y)log(l - he(xl.)]
(4)
SR vk M A H , 32 5 W A 5 K RO R
REE St — > IE R 7 B, B J(0) IF 1A B2= 1)
fi AT A, B DA RE (RS B vk AT oR AR . b Ad
ﬂ@*%Teﬁﬁ%%ﬁ—i,ﬁ%%mﬁﬁT
R S5k J(0) WU /IMELBS 19 0 SR BT it 22 1 Je A
28, 0 SHEOE RN
0,=0,~ aéiJ(G) (5)

-z

l+e

(3)

Horh o o 30 X J(0) K FELAEE R -
o= 3 o

NS ECE W fEha] LU 1, X (6) (RITH5E
B JEE 1) ) g A kR 0 8 B X (6) P

5[ ") = e 5 7 B

(] 64 530 AR, AR T RS SR A R 4 70 SR
LA R N 7 S DU S A & TR U [ g

() =3 R R R R AE S AL

A (6) 15 51 H A o KB R 17 2

38 3 B, o] DA SR = (6) H i SR A A
Frof it LR B4 8 H A o 206 DI 5 80 d0s 45 1F
4%k {Split(1), Split(2), ... . Split(s)} % s 4 F , B
03 B p A8 (p AR — g TR A4 B
28— AT ST TR B R A R AT
3 (6) K FHEL R T FE LN

5%](()) - —%Zs;Split(t)i[hﬁ(x([)) - y(i)}xj(.i) (7)

Horp Split(0) Fon 5 e o0 B P i 2t o 25 10
JIrik , 6 9 ST A Al AR RN -

P

. . (@) (U]
Hj::ej—ai;Spht(t)Z[he(x ) }xj (8)

i=1

2 HEHETEREERFTH

21 #HEHETEREX

b JBE 9 R — Bl T R B R LA T 5, B
N T R — AW A% ER B
VR F T4 — A H s R 8, 2R 2 /M —
AN R R, (0T B S B R R, QR A R
e— ST R B, (T R B T

F(5) v R B B2 T e B30 SR Ak 451 2K o BB
ANME A PR A B 2 it iR R B (batch
gradient descent, BGD) . Bl ML 46 B F F% (stochastic
gradient descent, SGD) . H T SGD 7E & K % A 1
i T B — A I 2R 8ot ok 38 2 8, [ 45 SGD JF:
S 2 A R SR AR 171) 6 B AR B DL AL T 1), LA figp 25
B A RS B ARKRE H. S5SCDAE, BCD
B R 2= 2] R A YN 254 T2 5 LA Y J(9)
S R, B R i R L, RATME— R A2 )R
HRARAE , e BGD 5K At J(0) fie/ME . BGD H]
LA PR IE 4 Y0 S 410 2 ) 6 DE 0 4 7 1) R AT B
FE A% A Y11 25 3 PR U 80T 4 Ry B AR, T HL BGD X
FEATREAER AT T 3540 B, [A] 0 o B 68 406 ik



551

Wk FE A5 2 HR IR v RSt R T R SE TR AT RIS 501

NI
2.2 ETF MapReduce Bt B E T %
MapReduce 52 —F 0] J] T 5405 4 358 %) 4 72 AE
28R o3RI AR FED6E IR AR A B 1Y
B 0 R A AT S AR [ SR, AR i R
B R 25 R 1 B B A S50, . MapReduce
8 4 B o R R S A map Fl reduce B> BRER,
map 1 5T AT 55 53l i 2 A~ T1E 55, reduce 1 5T
I3 G 24T 55 A B 45 S SR R
1232 5 W H A A, AT P (6) i

() =3 el A W TS
A9 A2 A Reduce 1. MapReduce B TAE i F2 41
B 1R o

; Split(1){Map(1) |- Combine(1)

HE
AL
ik

Split(2) F»{Map(2) |- Combine (2)

A
Zn 5
4 Bt

v
=
v
| memmess |

Split(s) |{Map(s) |-»] Combine(s)

B 1 MapReduce TIERTE
Fig. 1 MapReduce workflow

EMapReducengg?,%Fﬁ IDK J FL R 55 | JE
W1z S o R o R v BT AL O I PR AR L 2
Ao R TP R 1] e XA Sy — AE R AR B

W R BED BRI AL R AR .
22.1 Splitg A #8505 A HDFS SCHF R 40
T, 24 Job FF IR B}, MapReduce £ 32 BUEL 5 SC 14 IF
% W HDFS % 4 B K N # v o A
{Split(1), Split(2), ... , Split(s)} , & — 42 A 3¢
—> Map 5 AT AL EE
222 fEATEALAT MapReduce A& FECHE 1Y 5 /)
BT, 24 4 B Split (o) H A9 B i A map
PRI BT, 23 g FRUBR A T 0 A R < SO R
WL E SCAR NS SEEXTE X, 40 B i R —
FAREAR ) e, 20y (B S AL R — A A
BT <key,{xii),x(2i), ey x(ni), y(i)} >,

Jorh ) FORE i ATHYSE 0 AVRHIER, )" R
i ATRIBR A E
223 Mapid#  H—14F H—> Map 17 5 &b
PR T S S L S TRl
<key,{x§i),x(2i), cees x:i), y(i)} > A2 — > map B
B, R value fH x.x), ... x0, y” (HHFH

SCAIE 20 3t i Java 7 1 o8& K23 T8 575 5 404

G X ) SRR B R A 5
B x[]={xfi),x(2i), s xff), YO PR A AR
DN — A BT S — A SRR R O (it
Ab A B 1.0) 5 45 bR (L 77 0% B bR 2 28 0k ="
o, DT A 3 BOCRRAE i 5472 B AR

W & P AE B M WU R OB R
OL1=10, . 0,, 0, ... 0, 5 H5AF {1 it e[ ] 10 S 1
Tk @R (DB REN R 0'x LA
iﬂw%ﬂﬁﬁﬁﬁmﬁWﬁm@wﬁﬁm@ﬂ\
PR Ry BRAE(E R X[ IR A R (7) Qi 5
A LA ORI SR AR AT R A Y RS

[hg(x(i)) —y(i)}x/(.i) o
L <§§ﬁf?%j,[ha(x(i)) —y(i)}x?) > "I B ki

SET LR EA

iy 1 58 B map BREEE R, 253 v Split(¢) T
1Y I A AR AS B 9% map pREAL B %43 1 Map
RS YT 4> R Map i A& 38 58 AR Ak 3
J& L &S Job 1 Map 1 BELE SR, B A (1 % 11 45 S 4>
T 115 3 HDFS A b @ 8% vh R A7 — A S0
2.2.4 Combineit#2 I id 2 X} Reduce i # [1)
A, an JEKs BT A A B (R X 39 1% 4 45 Reduce 33 72
HEAT AL B, Fvh BEHE 2 R B 114 I 45 4% i o R
I Map 76 % Hh 45 5 21 0 £ 22 0, 2 e % 5o e
Combine 323 2 F 35 Ay b # B B (B X 0 key AH [T (1)
value fH #F 47 3K 1, 13 2 4 0 o K 7wy

P
Sl = e A g < B

o) =3 x> R 5t i

i .

225 #HFEEBEE BP0 OAEEREY
S 2.2.4 TR IR B BEAE XS, BT A B R 2
WAL HET 4 S (Shuffle) 3 e #E AT HEF A 340
P, B 45 AL 25 Reduce W BEdE 7 A0 HR . B3 45
BRI <), < Split(l)zp:[ha(x(i)) - y(i):|x§i), Split(2)

i=1

P

. . . P . . .
Z[he(x(')) —y(')}xy), . Split(S)Z[ha(x(')) —y(’)}x,gl)
=1

>> 7 SAE T SR T A o

22.6 VastaEA2  IHIF (Reduce)fi H B AR IER
SEH S 0 TAT 2 B0 ) B i L 7E Job o B s
Reduce I/ E0CH 1, BN I A7 AT B 25 SR 24 4% 45 )



502 BT K22 4]

a1t

—™ Reduce 7 ST AN S B[R] — key §1 value
i 2 173k iz &, 18 2048 A =X (7) =k A A 3|

iSplit(t)Z[he(x(i)) —y(i)}xﬁi) AR (8) T B &

BB < S0P 55, 0, > " RVBHE X IE Xk
o H 52 S Reduce £ #2453, — K S 800 B
SRR TE R MR BRI A, B SRS, 1 52 K
I,
227 HHOK ST R bt

1) F W7 0 1) 3 558 i 19 48 A0 BE B 0957 7 f
FE d/INTHEE E, W R 80 28k

2) I 2 B A A e B B S AR L TR
B JE — R 0 5 1 —1Kk 0 i AR AR B -y
Il

d=36,-6))
i=1

304 d /NTHRE B, ) 3R 8 sl
23 HEREGALH
2301 k1 Map i B N SRR 4R L

)
Function map(regex, theta[ |, data)
I regex<— I ZREHE 40 HI F A7 thetal ]«
] 5 22 5 1m) i, data— I 25500808 45 SCF e i A2
LTI o X <2FUr5),

o(x) =35> 5 Al s

Begin

. words[ ]Hline.split(regex)

: for i+—0 to theta.length - 1

s dox[i+ 1]« words[i]

: y < words[ words.length—1]

: for i«—0 to theta.length

: do yHat<— yHat + x[i] * theta[i]

: pHat<—1.0/ (1.0 + Math.exp(- yHat))
: for i«—0 to theta.length

O 0 N N N B~ W N =

: do sum[i]«—(y - pHat) * x[i]
End map
2.3.2 %2 Combiner i 2 U0 I 45 50 it &5

RHE i[hg(x(i)) —y([)}xj(.i)

Function combiner(<key, values>)

Wi A 2 key— Z B F 5§, values—
() OIING

[hy(x )—y()}x;)
oo o X <ZBF9,

Zp:[hg(x(i)) —y(i]xj(.i) >
i-1

Begin

1: for value<—values [0] to values [values.
length—1]

2: do sum«—sum+ value

End combiner

233 Hi#*3 Reduce it #5343 b th 45
RHE ZS:Split(t)Z[hg(x(i)) —y(i)}xf) RS

i=1
Function reduce(<key, values>,alpha)

WA key— ZHUF 5]
Z": i (59 0] 23 %

o X |-y X ,alpha«—=% 2] %
i=1

i1 B < BHUT B/, 6>
Begin

values«—

1: for value<—values [0] to values [values.
length—1]

2: do sum«—sum+value

3: theta[ key |<—theta[ key ] +value * alpha

End reduce
234 Fik4 THA DU (Job) L 0
Map .Combiner ,Reduce i1t #2 , i i 581 5 S 41

Function trainData (data, result, thetal ], last-
Thetal |, alpha, regex, diff=100)

B :result—H SO 4%, lastThetal ]«
b RN R [ )9 5 K] & diff— IR ZE P IR (E

B R S A

Begin

1: while diff > E-4

2: do for i—0 to theta.length

3. do lastThetal i |«—thetal i ]

4. JFf Map . Combiner ,Reduce 1 T2

5: diff«<-0

6: for i—0 to theta.length
7: do diff<—diff + (th eta[i] - lastThetali])*

End trainData

3 X I

S IR 55 2% S MU A A s 1 2B ie A LG &
S 14~ B CPU (Intel i7-8550u 1.8 GHZ, CPU % 4
ol 84k FE), 16 GBINAE  ITREAL, I M HE K .
JIR 55 #% % %¢ win10 Ll R A R G5, 11 VMware
Workstation Prol5 5487 & 3 A~ i #UAL , 454> i
ML EC B M 1 A% CPU,2 GB N 47,20 GB A 4%, 1



551

AWk B, 45 B R WP e R R TR R IR AT AT S 503

MY R . AL R CentOST #4E R 48,
Hadoop 2.7.3 43 A A H5F- 6 L 4SS 1A E AR
2T SR . ] eclipse4.11 . Java SE 1.8
VER T K 345

SEHG NS S AR A3, B — R B UE JF AT Ma-
pReduce JF47 4045 5 19 IE 0 M, 26 380 29 43 A =X
ERFB AT R 5 T ps WA R AT LB, U
TR ST TE

Sl Java i F A T — AN BE A LA
HRAR GRS RO 032 4 1A 43 SRR T 0 &
PR 2 A R B, B A b e S A REA
FRAE, Bs SR N 1 frs .

x1 RBERBIEEMIL

Tab.1  Description of mortgage loan data set

Ja PRI
HAR BTN AR I 0,
A 5 J2 B0 i AR FR 0,
FRA BTN TAEAF IR 0,
FRAR R BN AR AR 6155 Ko o,
HEAR GO i DR A 4E 1) 2

I E (B (0 R R HHIE PR3, 1 Fomign bl Hie ) y

B 2001 2 2005 45 (1 854l FE A 34T 23 Bl it
B — A7 1 B0 SO TR AL B 100 0 AR B RE AR, LA
9 1 1) Eb 5] 43 Il 2 B AT 4R |, RIFE A — 4R 1 8K
it SO E 90 T3 A5 N 2B 4R | 10 T A5 I A Al
£ Fe 2GR 56 i A 5 450 T3 U1 2R B0E AN 50 T
A E A
3.0 WIEHTHLRERIER

R 50 T3 25N SR B0H0 3 500 76 S F PR AR R R a0
PREE R AT I, BN Z5  ak A A R FEEA T
W, SEG FT AR PR RS N I Zk2s AR, 7T LLSR I
THEBGH A RS IE . SEON RS RNGR 2 PR .

®2 MREESHINGEER

Tab.2  Training results of small data set's parameters
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Fig. 2 Time ratio between cluster and single machine training
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