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Abstract Internet plus TV tends to excessively consume storage space to achieve higher cache hit
ratio. A novel cache schedule algorithm called PPRA (popularity prediction replication algorithm) is
proposed in this paper based on programs popularity forecast. Firstly, according to statistical analysis
from actual measurement, we apply random forests (RF) algorithm to construct a forecasting model of
programs popularity. Subsequently, we use the principal component analysis (PCA) to overcome
dimensionality curse and accelerate the forecasting process. Finally, we validate PPRA with authentic
behavior data of a certain cable operator’s 1. 3 million users in a period of 120 days. Our experimental
results show that PPRA only consumes 30% storage space to achieve a fixed cache hit ratio compared

with LRU and LFU algorithms, therefore the cost of Internet plus TV platform is saved.

Key words Internet plus TV; popularity prediction; random forests (RF); caching strategy;

dimensionality curse

M OB OANERM TGS ARG ET B G P R A AR S A 8 R R — A TR AT
JE T 693 B 4 48 E B & PPRA (popularity prediction replication algorithm). & % , & %I 5 Frinl & £
EHITHR TS o Meg L ek b 18 B A A (random forests, RF) F kMY B AT E AR, B &,
A 2t BT SR 45 AR A AR 0 UE RO AT R AL, A A £ R % 4 T ik (principal component analysis, PCA) 5 36 4%
PRI A EANRAT ARGk R A TYRAFERMNKERAELAEFHT B.
REAET®ETH 130 ZA P 120d 69 A IE A ), 3F PPRA H ikt 75 5%, T4 R AW, AR
WE— R AP EMNRTF .5 LRULFU k480, PPRA Sk 40E 30 %0 69 A% % 18] L 7T A & Ak 2 9%
B+ B ALF & o) ER R A

E@iE LM A AATETN ALE;EH AR R R
hBEESES TP393

Wi HE.2015-12-21; & E HH#§:2016-02-16

ELTH EHE“NAN="8E 8RB KRR 4 5 H (2015AA015603) 5 VL 357 4 A 3k M 45 61 37 BF 5% Bt A Sk [ 28 11 B 4 OF 58 51 5
(BY2013095-5-03) s /LHA “ N KAA B IE" = E R A AT H (2011-DZ024)
This work was supported by the National High Technology Research and Development Program of China (863 Program)
(2015AA015603), the Prospective Research Program on Future Networks of Jiangsu (BY2013095-5-03), and the Six Industries
Talent Peaks Plan of Jiangsu (2011-DZ024).

B 15 1E& . Bt (gcheng@njnet. edu. cn)



R IRWI A5 BT S AT S50 A TEL 0BG 00 - vl L A

743

Ry v A% e )k v A SR P 7E 8] 2 I TR) A
FICEREBM G/ REEY H, ok e 445
FH P 23 (6] B8 g Ak | I 1] R Ak A 284> 1 A 5K 1Y
it A IR D) - F A TR 45 ok R B A BT B R i
i P AT B A 2 R R WO % R A Y
AR P AT G T P 2T BN
PR VA LT B L 25 B Pl ok 8 m A PEfE
AR IS . A I o E I T - F R ) 8% R 29 3 o A T
H AR N G e 55 4 b A 20 AR 25 U7 1) It 422 F0
RETC A (B PRI — & 11 H A amrh 2, A
H A7 I8 B Sk 5 S AR R B A s ) 35 n 1 2%
FEER VA BELAS 1 LI 0+ H (LA 1 — D4 ).

X I [R] A8, AR S o X 52 R BB ) -+ H S
G X AE Z B B AT S P R
6] 15 H N2 A O 45 D3R % U0 AH O L 7 5 M 0 b
XL OC FR Y A L 2 — T AT R SR A 2%
TEE A Y PPRA(popularity prediction replication
algorithm). % % ¥& & Jc i ] B AL £ #k (random
forests, RF) B L@ 71 H AT B 19 T 00 £55 A,
K H E B % B 1 (principal component analysis,
PCA) X155 Y iy A S it R fiF e 2 4b 3, 55 R 3 A7 2
SRR OR ST S n o= N/ i FU N n < S N = WO 1R B/
FTEE WA G BNE s m . IR iz
Y 130 J7 2= A H B0 T A S 25080 S 48] o %ok il 2
AR AT K, SC e A5 R R WL R RE — o &
fEAr HAMRTHE T 5 W & >l (least recently
used, LRUD™ L i ifF 5 AN #3053 15 (least
frequently used, LFU)" % ¥: # Ht . PPRA 5 3% X
T 30 Y0 W A0t 23 1) ] A5 B AIG B I )+ fL R 15

1 XTI

L1 RITERN

T H AT R o A 2 B O R
TUAT BE M. Y F AT AR O ey O A
FEAR - ALBEAS T Bh 12 5 7 A8 W 3557 H RSN A8
PR AR )T A B ) B T HL R AR
WG N5 & W 45 (CDND 28 17 B 1) & 24Kk 4. |
RIPEE X PRI L B 50K R s R AT 5 O
A A BI04 BT 5 A R RO AT O 3 B 5 T
YRR Z il i e BN 58T 51 2 09 70 Hr R Ak D
Fit v T ) oA A R RN BT 9 R

Wang %5 A3l 5 43 81 FH O 7 0 TR B o 2
R TS A0 5% 422 (0 AT Sy SR it 28 T 446 B 0 ) S 4L
TAT BEARLARL 0 A Dy s R B8 A0 %) 17 O O
T RTINS BE . Vallet 25 A 224 428 N 4%
PRI AT - 6 B A o B 2 T A% Y 1% 16 B AT
JE I A AL, 520 T X YouTube b 3% 5 % (6] 45 &
PR A 500 FL DR R 2 N5 B9 T 5 0 I 245 35 8
WATEE M Zh AR 2R O 4 1 — il B 7 3 A Ak 0y 1
VO MG AT B T A AL . Ding 45 " 38 1 43 By kL A2
Zrh AT B R A AR AT R P ARAE B — A T
WO R U AT B R AL AL Figueiredo™ A 5% T
YouTube M AT ¥, 25 T UGC #0554 AiE Al
H AT EZ. Pinto Z A FI A H F4w i
SR RS 4 T — & T YouTube “F- &N
500 AT BE UM AR L A 0 M R IR T I D 2%
Ahmed % NV 62 B B RAT B 0 LB AR L S
FH P G 1 FE At P9 25 AT BE A L 481 25 Ak 22 ] ) AH DL R
JE A N A TE A [A] I R] B 5 26 A Y B 4 O &R
Sanner 2 AN F B Twitter 2038 %t YouTube
BN TATEE AT 5301, R e 3% 2% > S A i
IR LA AT B R AR 28 AR B L. Chang %5 M7 R
FH A 2l Il A #8045 P A7 o A8 A B R AR, SE R T
XTI 4 3% 2k RN S By BT e 4 A RO AT RE .
McParlane 458 A Ay fift g 3000 P9 25 6k = b5 25 P 18
EXHHR S B A s HE R P BT
SCAE B A AL SE 7 B Flickr B A B9 34T B L BU
15T RAFIRUR.
1.2 ZEFRAE

CDN [ £ e Qi Aa] e 20 b 45 B 30 2% IR 55 48 1) 2%
A7 25 [B) 2 Y A7 P AR 5T 0 PN TR . 28 A7 SR I 3
B AT W AR N R A7 R R AR 2 WA Al . B2
AER B DT AR A PR I B A7 25 W) F SR e i
NI HAT A s B R BRI THERAW
Bt S48 A8 M AF AT A R el e A PR Y AT
25 ()R BT A8 G A7 SR W AT 4 i G2 A b o
ok AT T 286 15 5 T R 2 2 A A8 B ) OC .

Abrahamsson % A3 i 43 HF — 4> 76 £ i B
RGP SR&IC, EW 2003 B4 T 80%
A AR R . IR R A B A BOS H L T RIR
By Hb RIS 3R 45 19 4 96 14 #E. Balachandran 4§ A 43
Br T 3000 J3 A A4 25 3% Bl 2 B P AEA ] VOD
JIR 55 Bsf 7 A [6] 25 WO B8 7 AiE SR HTIE & P2P-CDN
()5 2 REAT LR AIK CDN B 8% AL AR Zhou %5 A



744

EAR S AR 2016, 53(4)

95T VOD FR 4G R [a) 2 8IS B F AT BE 19 728 1L R
IR I —Fh FIFO # LFU JR 4 22 77 5 W S T
BAFRIROR. Gouta 2 NI T —Ff ICN /45 3
A B IE N AT B AR AR 1Y I 2% A7 5K 1. Abrahamsson
LN T MR E LW R AT E
AT 1 H K/ A7 SR K 4% Nencioni 58 A 58
SUR R INU g Rl o ki 1B DA E DRI =4 & el = P <]
2 AV o DG B A I 4% 9 f . Agrawal 2 N0 3E i
%TTEJ&EI’J Y R BOUS TOA e LRU B39k 0 4y

i 3. Akhtar % AUV R T — RO T Z A7 7R
;’% SRR R i Bk, A E R T
LRU, {H 7 iy 1 % %}ﬁ%}i%ﬂ%ﬁﬁﬂiiiiﬁﬁﬁﬂ
BT, Park 8 NI T —Fh [ 38 R AT 4 A
M) UG A A R R AR BN AT T R A 350
TR TN R T — B I T A e
3 3 F SR A P 2 0 T A A5 P 45 B 4% B Wk U R R A
.

DL A O B AT SR W B AF 58 T 4% i 1 A it
TS ¥ R 25 6 2 IR N A I TR A T MR A7 45 1 %
2. — S50k o TE B SR A7 A b 3R A 5 R AT
FEMNELEN LR ERENRGEHERSEE
BAS G B S PR HL A

2 EEM+EATHEBRITERSIE

H AT AT BE A B 58 % G2 2 A vh T L R
AT o3 S 4 A AT BE Y e 5 B R I AR
K AR RI G BRI BTGy HE, R
BEOKE Y H A S BB B 7 1 P9 0 A AR DL ST B R
AR T HE S B AE Y H AT RE R B A
2.1 HEHIE

A SCEUE R A R )T L As R L -
£ 2015-01-01-—2015-04-30 51 120 d #9158
MM B AL FERETRET
TP F2 A B B3R 0 4 F B, R B R0 AN 1 456 1% 50 L 7%
b 55 B W i sl X ik 5% 4% RTSP H & W 1E

Y P A TS 5t R T F AR B AR ) — SR iE AT
it/ ORACLE #dls FErh. & 1 845 T HUE £ A

RGO A SCH 4 T 130, 9 JTANH T 2. 01 A2k (el
Fioak, W BB AT 42,3 TAS. B A& B IC#E
é‘mmﬁf?ﬁuﬂ%ﬂl%ﬁ#lﬁﬂm Ez%ﬁﬁz%;
FHTFHHEMAEMEAR. THARKR.THEHE
VIS ER SRR TR I E RGNS B JA R S

Table 1 Internet Plus TV Data Set in Figures
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Fig. 1 Number of requests, active clients, and distinct

programs requested over 120 days.
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PS5 A (8] il £ 7 Ve R ARGE %19 F AT BE 152

R WBUE B S ) RE LR W T H A A
FIHEA AR, H R MR8 2 A AR 8 S A H R
B E UL AR Hh R 75 SR LB R AT AR B ok i ik
PURUIE o LA RKGZ . A M0 TE B G A 2 5 4575 F KU 7
P E R T H S MR AT B 18T 5 (b) Sy AR [

T HAEA R E A BGE AT AR i LU LA
S BB XA H AT A B A R

3 PPRA Ei%

M 2 5 4 B el B, A v B A R [ 4
TR R — A H L a0 28 B3 % Wk e LY F 26
RVSE T H AT B S BT B IR T H AR AE 2 (8] AR
SHR (1) DG B o PR AR SOk ) — R A W 2 S W
PR XS H R D3 s 8Os HE AT 43 B A 2T DA 4 R
ST H AT EE A S B RRAE R A T B AT R
I [ 28 A i A5 AL L AR A5 B B9 AR AE A1 IZ T Bk
28 LIk ) D7 s ke T T B RSk 7 d AT R
S H 28 A7 R B AR A A B AR AR
3.1 HIETANIE R O\ HFHEE BY

TEARTSCHS 2 5, B & ik 725 X1 B AT
JEA 3 R R R AE  (H R f X SE KR AE JE AN BB A%
FLHEAE D MLER 27 2 Sk AU (Y B A B DA 0 3L
HEAT AL 2.

D) Zkmtial. [ 4 SRS L2 DR R 4
BT H 7 d RS R A A fL W LA L B
T H LR A R T Y 5% O HE £
Ko . Rt B HEA S HE
TN A2 WA, AR SCH B S B R ki R B X — FE B
i g 1 2 IsF )T Sk (R 5 ) L an X (D B

AT=T—T,, (D
Horp T S0 H L T s B IR e .

2) W 2B 5 R R AR T R E R
SIIE X H AT EE S 0, BT LR S E R A Y
H 2R H R WAT B A B 052 . (R i), 28y
fIEJ& T2 B ERAE . B — DR AEES A m A A TR Y H
(B AR B A — A2 A R0 . 7S SOR A 4 iR
One-OF-K 5 % #5520 1 47 4F . B W 2R — A HEAE R m
AR BE M — AR ERN m HRA R 1
1 3 B0k R .

3) 1 H AR T L DL AR SR 0 I B 4 R
WA 445 7 SR 2 008 v YR B, 38 8T 4 BT R IR
800 My s HE b 16 20y s I VE RO B =4, 15
fR 38 B3 B 5 H P2 2R T 80 Y0 Y s % . I S R AE
AT H R ML Z A 24 m A AR BUE
B[R] 4 S A % A BT LA ] s A7 7E 22 A4~ Xk R
AL Ak B Ty s B e O KBS m B A )
W — DAL 1 kR AR 0. T 248
I ST R D OB AR 2 WSRO n A 2 P



R IRWI A5 BT S AT S50 A TEL 0BG 00 - vl L A

747

i P 22 5 BOREAS J8 PR 4 B2 5 R YN ZRas R U5
UL AE IR0 - 0 38 5Tk 80 26 A7 B Y T 160 R 5 5
K 3 ORI 5% A4 5 EE 20 ) B 445 2 AT 2 008 A7 9 2
B 223 A1 1202 4.

4) s . N 2 8] LLE AN [R] I ) B Y
AR AR BOR 28 5. AR SOR — KAk 24 h 1ok 24
A I) B AR T R R IR S HebR e 124 24
HOX L 4 A 5 R I P AR Bl S TR AR AR ) Ak 5 3k
Frab B,

AN A H IR LR 5 2 A R i H X R
(9 25T F 3R A AR TR AR 52 TR & o X 4 PR 3R 4 AR A
AETA B G527 > BB RL rh R AT 2508 T A5 28 5T )
55 3R B HE .

XA SCBE T B BRI 5 — 2R AR AR {10, O ) i
i AR 1) 28 CLOD R SK 7 d iy H B9 3RAT I (O))
. OF —A 7 Y1) i 3 — e USRI B AR
ToRE— KA HATE.

3.2 RITERNEREIZ

Biau™" %f RF 5%k (436 14 5 AT RRR 17
T oM ACEE ek ) ) RE AT LA R AR 28 R 26
A FA A7 5 A A SCE ] RF BERL A SRR A 3 6

1) Zead WAk 3RS i) RRAEZE B 22 16 B 2 000 A %K
Y RV 220 — R 9 B R4 AL B Ty 22 A 100, T
RE FvEA3 45 T 57 1k b XU Sl R 19 R 5, 76 T X &5
i A I AT A e 4 1 A R g ) M A

2) RE Bk AE 5 2 58 U AT LGS H 4k ) o 22
P 33X T 2 AT R X 5 A 3R A 2 I A AR K B9 .

3) ARSCHY A AR AR YE T H R AR B0 H R ok
7d BRATE L Jm T A AL REF 595 AR e T A Sk
P [T U 530 3% T S T 37 i K

i I BE L AR PR AT R AT B 00 i AR AN

WX N RXM WM. X, R i DREARREE
JAFEAEY Sy RXT B &Y, KR i MEARR
i i A

Stepl. X &udls 2 HE 1747 B BUH R A L I X R
P ) KA A S DR AL AT SRR SR JH A IR ) SR A
J7 3 WL R AR AR B B 5 R A W] REA A Y REAR.
BWHAREARA N A BUCREER DO n(n<<N)
A KRR A — AR (0 R AR AR AN A
FE YN G ad 7 AR A 25 5 B U5 s Ol X
HIRAE K M A FEAE H BEHLIE B m Gm= /MDA~
TEERRRY 8RR AR I A 2 A B R AL L B LA BR R X
R AT AR G 3 VP SR R B YRR BE BIL AR AR R
PSR Y BR A T LR BT E

Step2. SRAF: 58 WL T X E 4 i 58 42 00 24 U7
AT R, W I 5 DecisionTreeTrain
(X, Y)d ik

D R X vy BT A AR A B AR R 5 R <2, )
BE4% Step2. 75 W BEFL Steps.

2) A T R BECY X PR
A A

3) R ;R BN SRR L K A R Ar S 2 A
TRy SRy AR B B R 3 A By g s
S R X (2) fr .

R G.») =1{X, | X, <s} H

R, (j.s) = (X, | X;; = s). (2)
) R AR § A s 1 H AR Rk
min[min E Y, — )+
I X ER G
min > (¥ e’ |, (3)
) XUGRZ(F;..\)

E

a =aveY, | X; € Ri(j,9)) H
¢, =ave(Y; | X;; € R, (j,s)). 4
5) Xy ZLEY 2 AT A Ry FI R, U R
DecisionTreeTrain(R,,Y,) »
DecisionTreeTrain (R, .Y,).
Step3. TRHM I Zh5E BT - B A5 2 T 4 £k
W B — B 8 S BUAE p, o T B A 4G
b= bt b A Py
T
3.3 REAEBMEITMH
FH A 11 45 10 K30 4 2 2015-03-04—2015-04-15
Z I W B B R K B B 3k 103721 A%
BRI HMY HEE, 130 THPETH L 741
=X S ONEENENNSE 5 E
A FPAE [ L R AL S T B I R (a]
TR GUE BAE Y 1872 AR L Al 78 31X SRR AE 24
o, BRI URIER . e 2 Ak AR B T
Ao AH IR 2 BE TSR 3 K. W IR A SR B AT RUR
ASCAEHT Candes 55 AP 42 1y PCA B3 76 e K AR
FARRAE R A 52 T X g A RRAE 1) 5 A T R ZE DAL
ERERIYIN 25 1) 3 B2 b, IO B 103 721 SRR AR
STV BB S A S (S 4y 91636 4%, i
BEHLAT LA 15 20 R AS A SRy B TR 1 25 1) 38 S5 i
B By IEFEREA 23 (8] op ) B 0L B9 B L 52 i) Tt
MHERR 2. 75 2 RS R 2 )5 K K RE Bk
R UCHIRE A B0 S 100 Al PCA K4y
TIERE4E 22 50 2, B0 R0 ] LIRS fe A 1Y) i s 45

€))




748

EAR S AR 2016, 53(4)

I BREAHI IR 15 26 (38 LB UESE (3 13 746
250 R B0 UE b AR AY () o B . SR R (EL RN 25 07 1R
2= (mean square error, MSE) 3 fffif & T I 2% 5 i1 1
W, B A SCH) RF 27 5 28 4 [l 9 #%2 8 (linear
regression, LR) DI & B BF #2 F+ 2k 58 # (gradient
boost decision tree, GBDT)#E R #47 X+ [L.

6 WA T RF 5 Lk 2 MEIA B &5 21,
Toig & R 8iJ2 MSE, AR SCHe th #Y REF A6 1Y 75 45 )
E#E AT GBDT I LR WAL

0.8
] — R’
[ MSE
0.6 —
=
2
E 0.4
2
[a}
) l
0.0 Ll []
RF GBDT LR
Model
Fig. 6 Comparison of precision between RF, LR and

GBDT.
Bl 6 RF,LR 5 GBDT #7 4 BE

RE 7Y Al DA 580 R ik Sk 333000 245 2R 1)) 52 g
T3 AR 2 2] 2 ) o AR AR AR 23 B T — A R
RN AN VE i VN a2 iR SR A PSR N
T T U AT B 5 5 ORI BN Y AR AT
WAFTE BT ] 3 FC A 5 AiE 252 W) 3 R /MR 19
FIZER 5 AR LR BN

0.4

0.3

0.2}

Weight Impact Factor

0.1

0.0
Show Time Label Program Online Director/ Others
Type Time Actor

Feature

Fig. 7 Weight of features in RF model.
7 RF BRI 4% 5% e P A

3.4 ETRITENERERRE

EHBM A ad, P AT ENE
YRS 7 3K B 8 45 52 2 vt iR 55 2 b 38 B )5 PR 22
AR 0 B DR 2Ty I A R B B 30 S IR 55 AR R AE

rh L DLBE AR 252 MACHE 6T 19 4% 2 5 16 1 #E [ B o T LA
27 35 M 55 B A S i 97 B[R] . AF X6 F I I - R, A0 A S
F R DG RS S EA A= T A IR
I, B G B T A R R AR 1 T AR B 22
A7 [ A K T O B R Y 5 H O G2 A7
Bk LA Tl 92 A =5 ().

SR B WAT R 0 ARk AT LA R 4R T 92 A
i P A B TR 55 B R AT AR L A A Y E
AT E TN AR Y ) o 25 R VR S H R AE R Y
Wl Bt 17— Fh G A7 Rk

U (0 28 A7 A W o 7E A BR 1Y) 25 ) B 7T 22 b 2%
fEd i P AT RRCE 91 H . W WL 3R LG LRU
FEM LFU Bk LFU kil 5t 1 i — A i [
T A AT e R T A0 R I ) R 1T A R R A
H—AFRESE B EY H B4 S . CDN IR %5
fr b b SN TR AR AR R 3
R B AT B S WA EL A R R R R,
LFU ByE e bt B 0% 0L % 11 B i A7 10 52 v i
TAF. 5 LFU B3E 0L LRU S0/ A7 T iR
MPBCERT H. LRU BBl 5% T & a0 H
SR — YRR 1) B T8] 3 S5 0 46 i JE 22 471 B
=S SWN IR ENE R

IR A B Y B AT R S s A
BB X s AR I 26T B AT B A2 e BT
LRU B Ml LFU 83k J0 ik Wil B B4y B AT
JE A Je k0 T B AT R By R 2L AR A AR s 22w
LI o H AT B AR B R e T, Jo
P LFU Bk 42 20, P, 53K )+ i) 2 A7
TR M — 5 T RE AT I B AT EE AR X AR E 2 H
I3 — 5 THI s HEAE Py s WO EE AR A0 9 17 D0 T il 42 2
FH PSRBT H. RS R EAR R T E
VAT RE TN B A S A e K AR

BE 1L T RATE MR R

A EBE O RANW AT HE CT AT H
£ SEH HE RT;

Wit EWHSE OT BEAWHE IT.

WG AL AR W AT K CT Wiy B 247 TP
.

D for p in sorted(CT)
@ if ((size of RTO<< W)
@  RT=RT+p;
@ else:
® break;
©® endif
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@ end for
for ¢t in (S—CT)
for ¢ in RT
if (P,>P,)
OT=0T+gq;
IT=1T+1¢;
else
continue;
end if

end for

©6600B e e

end for

@® return OT, IT.
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Fig. 8 Cache hit ratio vs cache size for three algorithms.
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Fig. 9 Comparison of max cache hit ratio.
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