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Personalized Recommendation Based on Probabilistic Matrix Factorization in Big Data Environment

TIAN Xian-zhong SHEN Jie

(School of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China)

Abstract Probabilistic matrix factorization is a type of collaborative filtering algorithm which is widely used in recent
years. Based on the problem of how to use matrix factorization technology to improve the recommendation quality and
how to breakthrough the limitation of calculation time and resource in big data environment, we introduced an improved
probabilistic matrix factorization algorithm which integrates neighbor information and introduced paralleFIPMF, overco-
ming the problem of high calculation complex and the problem of parallelization. We used the real dataset to implement
our algorithm on the MapReduce parallel computation framework. The experiment results show that our algorithm can
improve the recommendation quality and reduce the computation time.

Keywords Recommendation algorithm,Probabilistic matrix factorization,Big data, MapReduce

1
b o
s Imen Chakroun s GPU
. . Gemulla Le-7]
A} N b .
[1] s s 8]
. MapReduce y
. [10]
[2]
. , Salakhutd- .
nov (2] (Probabilistic Matrix
Factorization, PMF) o N
[3]
b )
PMF s ; , , N
[4] ) N ., MapReduce
. o :1)
(61672465) (LY15F020027) o

(1968—), s s N , E-mail: txz@ zjut. edu. cn; (1991—), ’



i€ Ny

6A s 439
32) s 2.2
33) -
s ,  MapReduce s o
, N M s
2 UZ{“I!“Z?"'?“:I}? I:{ilv
;3 Mapreduce 4 (PIRLILIY SN - R=[r.Jxxm>
; Tui u i ( 1~5 ).
o ( ) >
UGRKXM VGRKXN
5 o
) U“ V, u
2.1 1 K o ’
KNN(K-Nearest Neighbor) s s ,
. KNN o
s o 0 sof  ov
’ ’I o
f p<U|m';%>—ﬂN<U“\o,ml> 4)
p(V\avg):ﬂN(V;\Osm;I) (5)
, i—1
’ p(RIU, VyaR)*ﬂ ﬂ[N(R“, |UY ,9UR):| ui (6)
w=1i=1
’ ’ IR u i 1, 0.
U:{Mlslbv Sun} I:{ilvizv""izzt>s
I, u v s T T, ) 5
B p(U.VIR.6f 0% s0k) =Cp(R|U,V,o:) X p(Ulst) X
u ) T u I,
pVlsi) D
s sim(u,v), :
) I;((rl,,*r“)(rw*rl,) In p(U.V|R,otr s0% 0%)
stm(u,v), = > — — (@)
P — N
e g ) L s Srro—uivyr -2 Sutu, -
¢ ¢ 208 u=1 i—1 200 =1
s‘im(u ‘U)/ . 2(7 ZIVTV _*[( 21 215)+1V><K1n0'( +M><
’ $ ’ bt Vo u i=1
2 (e % my.) Klng¢ ]+C &
stm(uy,v), = — - - (2)
/2 nt, % Din’, s
cec ‘ec
. N M
LC={crseo st aer) I, 772 LIf,(R,,,—U V)2 +"R L | U, || 2 B
u=1i=1 y i=1
¢ o (. (2, N "
Iv:l-® (9
sim(u,v)
s u
simCusv) =asim(usv), +(1—a)sim(u,v), (3)
9Nu u
s o
» S u i s
K-means s
) (3) o S.i
1. k C=[csrve s
2. For each u€ U do IGZNMSM‘ 1 (10
2.1 ) u , = 2 US,, (an
i€ Ny
Co ’
2.2 u C, (
pWUlet 6é)=pWUl|ot) X p(U|S,6$) (12)
3 : 2; -k pU|S.a?)
, u u
s (3 N N
p(UlS,as)—HV(U | 2 U;S.; 6éD) (13)



440

2017

p(U,V|R,o'iZ;,o'%',o'%?):OCP(R‘U,V,o'}Z?) ><P(U

ot) X
pUIS.65) X p(Vl]st) (14
1 N M B ) LA )
F=—2 IR, —UIVH'+" 2 | U, |2+
2 ..=1i= 200 u—1
ok U 2 ok X ~ T
Vil o5 2LW,— 2 UpS,)
20v i—1 205 u—1 PE N,
W,— > UpS,)] (15)
PEN,
JF M
U DI5NV.(UNV, —R,,) +a U, +2as (U, — 2 U,
dJuy i=1 PE Ny
S,)—A = WU,— 2 U,S,.) (16)
PluEN, €N,
IF _ N\ w T
W DIRU UV, —R,)+AV, 17
IV =1
sAu = U? -/\s:dl;\) v/\»':o-ge s
ou s oy
1 IPMF
- R, S
1. s
2. for each ue U do// s

3. fork=1,2,--,Kdo//

4. for each p€ N, do

5. siF=U,Sup

6. for each x&€ N, do

7. S T = Ui Spx

8. end for

9. Vie= Upk = s

10. end for

11, x=Uy—s

12. end for

13. for each r,€R//

14. e=ry,—U,V,

15. for k=1,2,+-,K do//

16. Uy— =a* (e* Vi ag * Uy s * x—As % yio)
17. Vie—=a* (e*x Uy Ay * V)
18. end for

19. end for

20. end for

2.3

O

O(K) K

3.1

scent,SGD)

p-IPMF

O(N*K),N o

MapReduce

(Stochastic Gradient De-

: 1 SGD ( )
;2)SGD ,
3 b

3 ’ Y ’
’ ’
’ o 2 s
A.B.C )
S . FHEA FHEB FAC
i i I3 iy
Gl'Il GZ'IZ G3_13
u o T R
“ > G-bL | Geb | Ge
- G-, | Grl, | Gsby
2

3.2 MapReduce
MapReduce

o

s Map Reduce

N (key, value) s



441

6A )
Shuffle . .
o 3 .5
Map s 5~25 s s
b N Zd? o
key, value id . id . Shuffle .
Map id 094
Reduce . Reduce R “ 0924
12}
id id . - .
088 R
’ 086
(1)Map
H H 0'8410 20 30 40 50 60
- s id. id, (1—5) ECHO
S - id. ¢ ide iy 0
3
1. N N -
2 id id 5 10 ,RMSE y
3. _ ¢ _ ; 10 15 , 3
id,¢ide o ide o » 15.20.25 ’
(2)Reduce s .
it - id, L( id. id. » , 20,
: € id, > (2)
1~ ~ b
2. for each ¢ id, id, yeL (PMF)
3. N (CF) o
4. end for 4 IPMF PMF CF
5. ( id, > RMSE 5
Map ’ > RMSE IPMF<<PMF<CF,
. Reduce N ,RMSE o )
‘ »Reduce . , 0.55  Ar=Av=0.12,2s=0.1;
Reduce reduce . 0.04, .
s 096
PMF
, o oo
:
z
Cloudera'"” Hadoop ( Hadoop @: _____ i
2. 6. 0-cdh5. 6. 0) . 4 16G . AMD 084
10 20 30 40 50 60
Opteron 8 , 1 ,3 ECHO
. Minnesota Grouplens 4
Movielens . Movielens 6040 (3) MR p-IPMF,
23900 .1000209 (1~5), 6.31%. Hadoop .
80% ,20% , .
5 ° N o
, 5 Hadoop MapReduce
RMSE . RMSE , . ,
1 A £
RMSE:N/ ” > (ryi—ru)? (18
|E”| C(usi) €EP 30
JE, JE, | ;
N Hoe
ST u i 3T u = .
1 20
(D 15 ] - !
W4 RN
, 5

( 469



6A s

469

(1]

2]

(3]

(4]

(5]

(6]

(7]

BORTHAKUR D,SCHMIDT R,VADALI R,et al. Hdfs raid
[C]// Hadoop User Group Meeting. 2010.

WEIL S A,BRANDT S A,MILLER E L,et al. Ceph: A scala-
ble, high-performance distributed file system[ C] // Proceedings
of the 7th Symposium on Operating Systems Design and Imple-
mentation. USENIX Association, 2006 :307-320.

PLANK J S.DING Y. Note: Correction to the 1997 tutorial on
Reed-Solomon coding [ J]. Software: Practice and Experience.,
2005,35(2) :189-194.

KHAN O,BURNS R C,PLANK ] S,et al. Rethinking erasure
codes for cloud file systems: minimizing 1/O for recovery and de-
graded reads[ C]// FAST. 2012 20.

DIMAKIS A G.GODFREY P.WU Y,et al. Network coding for
distributed storage systems[]J]. IEEE Transactions on Informa-
tion Theory,2010,56(9):4539-4551.

SATHIAMOORTHY M, ASTERIS M,PAPAILOPOULOS D,
et al. Xoring elephants: Novel erasure codes for big data[ J]. Pro-
ceedings of the VLDB Endowment, VLDB Endowment, 2013, 6
(5):325-336.

RASHMI K V.SHAH N B,GU D.et al. A solution to the net-
work challenges of data recovery in erasure-coded distributed
storage systems: A study on the Facebook warehouse cluster[ C] /

Presented as part of the 5th USENIX Workshop on Hot Topics

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

in Storage and File Systems. 2013.

SHAH N B,RASHMI K V.KUMAR P V,et al. Interference a-
lignment in regenerating codes for distributed storage: Necessity
and code constructions[ ]J]. IEEE Transactions on Information
Theory,2012,58(4) :2134-2158.

RASHMI K V, NAKKIRAN P, WANG J. et al. Having your
cake and eating it too: jointly optimal erasure codes for 1/0,
storage, and network-bandwidth[ C]//13th USENIX Conference
on File and Storage Technologies (FAST 15).2015.:81-94.

HU Y,CHEN H C H,LEE P P C,et al. NCCloud: applying net-
work coding for the storage repair in a cloud-of-clouds[ C] //
FAST. 2012:21.

HUANG C, SIMITCI H, XU Y, et al. Erasure coding in win-
dows azure storage[ C] // Presented as part of the 2012 USENIX
Annual Technical Conference (USENIX ATC 12).2012.15-26.
PAPAILIOPOULOS D S,LUO J,DIMAKIS A G.et al. Simple
regenerating codes: Network coding for cloud storage[ C]//2012
Proceedings IEEE INFOCOM. IEEE,2012:2801-2805.

LIU Q.FENG D,JTANGY H,et al. Z Codes: General Systematic
Erasure Codes with Optimal Repair Bandwidth and Storage for
Distributed Storage Systems[ C]// 2015 IEEE 34th Symposium
on Reliable Distributed Systems (SRDS). IEEE,2015:212-217.
PLANK J S,XU L. Optimizing Cauchy Reed-Solomon codes for
fault-tolerant network storage applications[ C] // Fifth IEEE In-
ternational Symposium on Network Computing and Applica—
tions, 2006 (NCA 2006). IEEE,2006:173-180.

PLANK J S,GREENAN K M,MILLER E L. Screaming fast
Galois field arithmetic using intel SIMD instructions [ C] //
FAST. 2013:299-306.

HUANG C, XU L. STAR: An efficient coding scheme for cor-
recting triple storage node failures[ J]. IEEE Transactions on

Computers,2008,57(7) :889-901.

duce

(1]

(2]

(3]

[4]

441 )

MapRe-

ADOMAVICIUS G, TUZHILIN A. Toward the Next Genera-
tion of Recommender Systems: A Survey of the State-of-the-Art
and Possible Extensions[ J]. IEEE Transactions on Knowledge
and Data Engineering,2005,17(6) :734-749.
SALAKHUTDINOV R,MNIH A. Probabilistic Matrix Factori-
zation[ M ] // Advances in neural information processing sys-
tems, NIPS” 08. Cambridge, Massachusetts, USA, MIT Press,
2008:1257-1264.

ZHANG Z J,LIU H. Social Recommendation Model Combining
Trust Propagation and Sequential Behaviors[ C]// Applied Intel-
ligence. 2015.

LIU Q,WANG C W,XU C F. A modified PMF modelincorpo-

[6]

[7]

(8]

9]

[10]

[11]

rating implicit item associations[ C] // Proceedings of 24" Inter-

national Conference on Tools with Artificial Intelligence.
Athens.Greece.2012.
CHAKROUN 1, Haber T, AA T V. Exploring Parallel Imple-
mentations of the Bayesian Probabilistic Matrix Factorization
[C] // Parallel, Distributed, and Network-Based Processing
(PDP). 2016.
GEMULLA R,HAAS P J,NIJKAMP E,et al. Large-Scale ma-
trix factorization with distributed stochastic gradient descent
[C1//Proc. of the 17th ACM SIGKDD Int’ 1 Conf. on Know-
ledge Discovery and Data Mining. ACM Press,2011:69-77.
RECHT B.RE C. Parallel stochastic gradient algorithms for
large-scale matrix completion[ J]. Mathematical Programming
Computation,2013,5(2) :201-226.
. ) ) [J1.
,2014,25(9) :1953-1966.
LAmmel R. Google’s MapReduce programming model-revisited
[J7]. Science of Computer Programming,2007,68(3) :208-237.

7.

Cloudera. Cloudera[ EB/OL]. http://www. cloudera. com.

,2015,25(2) :55-59.



