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A PERSONALIZED TV PROGRAM
RECOMMENDATION SYSTEM
BASED ON VIEWERS’ PREFERENCES
AND TEXT CATEGORIZATION

ABSTRACT

The plethora of information has made it an exhausting task for consumers to target the data
that fits their preferences. And recommendation systems have won the approval of many
consumers due to the precision and personalized services. Therefore, it has become a promising
research field.

In this paper, we mainly describe the design of a personalized TV program recommendation
system based on viewers’ preferences and text categorization. We have designed a web extraction
tool analyzing the link length ratio, in order to solve the difficulty of getting TV programs’
description. With the help of this tool, we can extract large amount of document data from the
web. We then construct inverted index of all the documents and a vector space to analyze them.
We also introduce Latent Semantic Indexing to lessen the influence of synonymy. Then we
categorize the programs using the method of text classification. Meanwhile, the system maintains
a dynamic personalized vector for each consumer, based on which recommendation is made. At
the end of this paper, we introduce time-matrix to take time factor into consideration and track
consumers’ habits. With the help of it, the system can then perform better.

Key words: personalized recommendation system, web information extraction, vector space,

Latent Semantic Indexing, clustering, time-matrix
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AU R, AR RS 3 SRR R T SORIAR U T SR AT SR AT Sk (K] T, AN
i B EA TR T

KEBATATINE A, B R IR/ T e & A LR T A — e R . (%
R, BN 7RSI RN, EAREEER - BEIEE . RN, BERA
M. fEfE BRI R ARG AW RIS, 4 MKERRERSMERRER, f)a AR
Lyt

IR TR T SO P PR A ORISR, 2 ot JRATIZA SORM AR A e 1 ] 5
T BRI E . df A B FEAEIR, B DUEH & 208 e WU 21— MU BUETE R 2%
AT SCREFAECE A N, RIS 338 SCRS AR idlf s St R0,

idf = log 3. (4-1)

Sof TR SRS R AN T, K53 of A0 idf A 7E— RS T B AL tf-idfitY.,
tf — idf = tf x idf (4-2)

5 11 5 3 35 I
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t-idlf 4218 40 T 77 200 SRy d e R T R E R,

(1) =t AEDEJ VRSO 2 RIS, ACERUERR . POYIER B XTIk e fi
HEB BRI X 53 77

(2) 4t fE—ha R IR ER D, B EIR 2 SO B, ACERUER 2 . AL
X 5% J FRAH DR BE LT SAE A K

(3) R t EEFTE R ES I, AR ERE R /DN KB LTF 5N TIEREE,

XEE, FAT AR SORSE e — AN, HrR R AN o A ] e i — M T, 43
EHER tf-idfo YR TE ORI I, HXT N EEN 0. X R m &R
R EE, nJUMEN, SRR ERAIEE IR, ESLbrsild, R asEERR S, "]
PLEGHBER S5, N AEEAE.

B 7RG R thidf TFREAE W kAN, IR 2 HAR T . A5 RE 2 RP A — AR Wi AE
SRR HILT 10 Wk, BERFTEATE SR EEE AR R LB 1 RPE IR 10 5. — AN
FH BB 04 7532 2 SR P B 08 3R T2 o ok . b, BT R R

1+ logtf, tf>0
M={a ol “3)

oAb IR BT RO tf )9 — 0%

4.5 @E=ZE[g

— BB SORTE [ — 11 B ] T 2 PR A T R 2 PR TR LT SR ot o £ e o
(/N B T RIRAE SR P AR B M, bl thidf. 7R —2sieh, BRATTREALS
TS SR ] 2 ] ) 43 R AL

Sim(dl, dz) — V(dl)'V(dz)

[V(dD)|[V(dy)|
I (4-4) R DL BE R R 2 T K AT IR — 1k .
K 4-2 7 RIZAE R E .

term 1
N

(4-4)

0 term 2
B 4-2 REZAHAVEREE
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Shanghal Jiao Tong University _/l\gijl}iﬁ F?fﬁm%;?mﬂh" E ﬁ%%u?&#%gﬁ

W ALFPTE, KRTFE—NET HA 2 RMIE O, RO Ea — &, N7
R H R, BATR R TEr e mE IR, RINETIH LRI XPEEA]
XA Bt 2 7 — IR SRR AR R R R, $25E AT DL 1) R R (VA AT I i
T o A IRARSCRAS X 73 3OR 1) B 2 (A A AL T H R &2 1)

4.6 KB

AT EER T A RGERBOCA A TAE, WA T f30srn. BHRS. 14
GiitaE, IR IX LN B LN 5 S B

% 13 T 3 3B



)-'iﬁx-@)t:;‘? | |
Snarahr e Tong vy — A RT BRI B AR R

FHE BEEXERS

SRS B AR R s R A VE 20 e, e v DS R a2 AR LR AT o 5, mT R
BRI RO (B2, MESRRNMERA R IAEERES RS S —
SRR 1A 2 SR . — SCZ2 R R R AN R A B AR [F 0 25 30, T — 1] 22 SCFR IR 2 A 1]
HAg 248 (M,

e L[R]3, (H R N A ) SRl AR AR K. A R U vk, —
PR IR L BUE B, 55— P2 R AR E B L T 28 R AT SCARS BT IR B VR 2 Rk
TR, — Mok, ARG B RGN, HERMEEXATRES TR
Mo ARG TR BELIEE .

TE 5 R 1 ) £ 23 8] R AU RV T B AN IR T HH AT R, (EL IR T A L TR 0 A2 S (A R
KT AR SRR T 2 (11 T A R B SR FF . I 7ETE L 5] (Latent
Semantic Indexing, LSI)it & —FHREE P 7EE Bk R 7 IR e i LBt A )
TR 25 e 28] ) — 242 ) b, A [ B0 3] 0 D0 A e S 28 A o) ) s ) o R B PR i TR LA R A
T SO SR

TELETE S [ S FRAT SR I 2 R AH B, 4E 5B/ NMR 2, TR AR 2 18] I 4% 5 31 R — 4 I,
DRI L, FETEIE U G151 L St — PB4 775 o S B30T el st T Al 0 v 24 2 ) v F ) 5 i
SRR ) 2S B) B R . NSRS M R, VETEE LR B AR & T MR,
R N R A5 B 5 22 B K A b, RDECHE 70 FRA e BRI WS ey b A 358 L& B K vl 4y
PE o NIXANE BB, e AER T T 32 5 43 #T (Principal Component Analysis, PCA), {H PCA
(7 AAE P T IR, TV AETE L2 B (R AR G mT LU AR P4

FATTAT DAFE 2 Fi 15 21 P 1) £ 25 (8] A 46 DA 1] T SCRSHE R, RITEH MANTA]IGURD N SRS LR
=4 MXN FIRCEHEFE C, FEFERRATAE — AR, AR —IR S0 . et a] LR
FAEFEFS T .

5.1 3EMEaHETHE

WATE e RE — e
A r J& MXN %EFE C Mk, 4 C FEW TR E 718 5 ## (Singular Value
Decomposition, SVD)*":

C=UsvT (5-1)
% %k 3k % %k 3k %k Xk *
% %k 3k * %k %k %k Xk % 3k 3k
C 0] S VT

B 5-1 FERERIRE
Horb, URBIZIAEIES, VR EWAHEIES, S0 MR, XML EfnR

5 14 50 3t 35 0
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Shanghal Jiao Tong University —NETRAPITANEA D E S LNEERS

# 2 C 175 S8 (singular value)®,
CCT = USVTVSTUT = UsSTuT (5-2)

NA(5-2) 2R — A SERFRTT B, HAATREFIER BL M AN TR 18— FERE A 5S

AT j AN TC R SRR SR | AR 27 § AN U T SO IR B — A A T AR b
[24]

CTC = vsTuTUsvVT = vsTsvT (5-3)
2 A(5-3) L — AN SRR R, FARATREBUAI ML N R SR R B — > JERE 26
1750 J I TCERARE T 55 1 R SCR 558 | o AR e,

5.2 JEMERIXIEIL

SVD A UL T P AR AR S 1) J ), A AT A R 3 R
(1) % C, AN (-1)MiE SVD /rfi#: C=USVT,

(2) S XML L r-k NN REE R 0, MIMFRE] Ske

(3) THHC, = US, VIER C K&k .

HT S« EZHEH kK MNMEFILER, bl ClIBAE T ke FATENE, INRFIE(EXS T4
s/, R, BIX S/ NEREE S 0 KA SR i e FIFRFUA SE 2 . Eckart
1 Young iEM] T Bk B AR T AN K R RE, B F SEEGR RN,

) FH 389t PR 2R o2 ke B 3 55 2K (5-3) w1l IS L B A ek ot [l i - gk 26 1

Dumais 1752563 BEXT TE A 10 K5, LSI el 4 il ve— X2 i frg 1) i,

5.3 LSI B9 F

FERE SV —A KXN ISERE, k A{E LST 25 S Mfk, N2 SCRE . ket —
B H XS L SCRSAE oA 25 18] B AR o I, KR AR BRI T AR SR A ) 225 1), RVRE %
HE— F L X LR )

SVD 7E{7 B2 AU 15 T e W EH - Deerwester $2 Hisie (. LSI 3R S0RS [ B AE— A
TR A 8] rP R R HOR, B 4 A SEBR bR SR R I & 4 2R &, WA R
— PRI B T R NTETE )RR, LSEISAAILH T 8RB e s, —n] AR 3 150
Yeridi, ANE MR,

KRG T LS REFELE, FFRfR 1 — X2 .

5.4 KRE/Zh
AZE ST LS R B S BRI . AR5 T LS| A5

% 15 71 3 3B



)-‘iﬁxﬁ)t:? | |
Snangat e TongUnverty — TR TSRS AR RS

BRE NERRK

TR T SR Z AU 2 J5 . BATTE B SR 2K P REARR L ER ZIAN B
H 2N RAERE .

SR TTEEEL

(D NI b8k, i — BRI HIRK .

(2) NTHSHM. BAMREHY RN, EREIEMIE R 4y 7 EZ AR N 1A .

(3) FFTHLE M5 & HITKERTTE, IR .

6.1 ETHRFINGE

HEF WL S MR B AR
(1) MBI 0K,
(2) KREZIDK,

6. 1. 1 BB 51452

W41 025 E A Rocchio J79%, kNN 7™, H KM% (Expert Network) 757%™
S, RRTTEMTERNA AW RN EShaiE TR E, GG, BiaesH
BT SO IEAT 2K T o

6. 1.2 Tl 210k

TG B ) BORAE AR SCRS AT AR E N B L K R T B 5 ) (1) e gAY
M. R, BRI A RIS T R BT

FRFER— AR N RIS 5. — MR RRIGEE

i P REANZE BRI A R K IE WP RREESS N — RS R T4
FIRIRE, EAN 2 AT A AT 2 2P 5 W) SRR PR AN S ) DI o 1717 J2 IR SRR R 2 7= A 2 IR 1
HISEREE R .

BRIRTT LA R R AN TR 2K, BT R — M B AR, RV SR AR
J& T — MR MR, — R SRR L4 R fE T A iR B — N0 A AR i g R,
— @ SR AT R 2N EES R A SRR

i PR R AR R, . MMM, (2R A2, . FEREE X
RINEH, BREGERBAGAMEN. SZARPE, BRERSHE—NEBGZIREMNE
6, LR LL TR B K L MR E SR E 5 1E . BRI TEHLE
ERMECE, HH I E IR EEA S B 08, 2 IR IX LT b (1)
[FIESS , ASE HE R AR B RUE A o 7 i P 2 IR SR SIS B0 () I ) 52 2% i 2/ SO H T
J5 5%, T B2 K- F 8 A0 EM S0 1IN ) 52 2% P R R e vy

JERERIEATLLE B TR FEE R A B — AN AR . B A R SRE — I AR AR SRR
B RE— MR, SREA RO R T A I, BRI TA ORI B — NN k. BRI B
BB RE B e o B B B R BB 2 (Hierarchical Agglomerative Clustering,
HAC) "™ T 8 THL ) T A SRR SR I & S BT A SCRSTE R — N, SR AN W7 iR P Ay ikt

% 16 71 3 357
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FEREAT 43 2L T B s SORS R BN — AN 1k o TE15 BAS R, HAC SN L T )
TSR I .

HAC FrOTR s T LUR A 6-1 R BHIR EDRF R Hoh, BRSO —TF 4R #
B BRI AR, RISERE AP R E AR RN B 22, Ty SO0 L FR) 2 £ 9 I
PN AAALLEE ,  IXASARAURE A RO & 9 I % R 45 S AR ALLEE

‘4—0-‘-11‘9-—---5 - N

A B € D E F G
[l 6-1 B RIA R HRHRE™

I MRS S — B LT BITUZR T /L PRI BER L BN G IF 0 52, IR Rems A EEA
IR,

HAC [ —ANEAMEBAZ, HAC FERA IS I A R, B, QiR HAC & IF 45 R
RS EAERIKE s sos o0 s BAH si=se=Zs0 MARRIFZE R 2
ML AR, WELERET,

JRRFERA T ERSIRERRMIEH o (HRAEN I, AT E RS 2GR T IR
HAMLZ A, F b, FATA T EERRGH IS EBATRM, F1E5R3E, Bint
AR B2, BT AR E IR IR R

(1) FERAS RS 2n 7 AL EE KT _EBEAT T .

(2) P IEBER TR RE R A B ML 2 2 i KN AT T o

(3) FoEfRE A REMIEH K, 727742 K AR BT .

6. 1.3 B
fa] B A 3R HAC SR D9 ARIS A 6-2 Fiar

5 017 B 3k 35
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SimpleHAC(d,, ..., dy )
1 fornfrom 1toN
doforifrom 1toN
do C[n][i]:=sim (d,, d;)
I[n]:=1
A:= ¢;(collects clustering as a sequence of merges)
forkfrom 1 toN-1
do <i, m>:= arg MaXe; ms:izm A fi=1 A 1fmi=23CliIl[M]
A. APPEND(<i, m>)(store merge)
9 forjfrom1toN
10 do C[i][j]:=sim(i, m, j)

O~ O B W N

11 Clilli}:=sim(i, m, j)
12 I[[m]:=0(deactivate cluster)
13 returnA

& 6-2 SimpleHAC {485

G, ERTE S NXN BB RE C, SRR HEEIT N-1 2, R — DA i
ERIARIEAT & 9. BRIIEAR R, SIFRAIERIM AR | A m, &R IR i
AR, BERFAR | 42 C RS BLAAT ANF EEREAT BB . BRRRMSERAWRINE] A o %
1 oA IR AT LARE & AR (P 0 L AEN 1) sim(i, m, j)THELIRR % | ke m &R RS
7% j AL -

KA F IR RE THERL VA TT LORE HAC 73 92 20 . o A e Al 4l e 3R K
Sk AR LR SEIE,

PSRRI, PR B (FIARABLIEE RE SO A foe AR ADAFRD A8t B3 2 18] (YT AR ABLIEE o 3K
RIS IFHEN A SR, R E S ORE SR AR SR IL 1 X 38, 110 AN 8 A o B (1 [X 35K
ANFR IR S5 1 o

FEATHERR IR, PR B (FIARABLIEE RE SO AN e AL 8 03 22 TR AR ARADURE , 3
B TIEFNMRET RS, SR RAARIE RS SRR AR, &
KGR P BEAR G RS BT & R 45 R XM R 2R SEfr B2 TR 5 B B A B B Az
MR R, AR EA KRERRREEE, SRR 20 SRR BOVBUR, e
28 1 T R SORY 2 S 35 MDA e 7R P LA AT 6 4 e A A i PR SR

FAERR AN A IR AT IR 1 R R Sl R AT A RS SRS ) B — ARADLRE T 55, S
FESRIERTT 5 P v SR AR 2 T S oA AR AR SRS 22 1] AR ARALLRE , T 435 753 rh ik S I
e AN SCRS 22 8] RO AE ABARE

SHTPIRN AR R, 1 255 AR G I T 5B SRS 18] AR AR ALLRE SRR # FD Jot
ATV o 05O SRS A A5 (14 Lo A BLBE R SE S AR B FRIARALURE o 21 22 5%
AR OREII XRTE T, P FESAETH ST AR BLEE (%25 18 T A SCRS 2 Tl )
FHABLEE, 15 Lo SRR AN 5 B | TR 1 SRS 2 TR AR ARALURE

6.1.4 affinity propagation &%

AR, A VF 2 F#HTER RIS TIR AR 5. Brendan J. Frey il Delbert Dueck
$RH T affinity propagation(AP)4i:P) % 5y Rl K T A B s A Iy e vt ORD T (01532
o ZEFR AR NI S A S AN A, s R X A R s S R, B

% 18 T 3 3B/
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B AN BRI AR A TC R E R 2 o FEIZSET, BUET Bl — e s g A T
SR S8 LT — AN REE R ML TR A SRR 5 T SR e B AU e 12
BAFRMPATERE S, BUE WSRO A N — AN R TR SR AN
MY A 2 ) AR AR 3 FOBUELTE B AT SO BAR T — AN T A IR AR, B SO 13
S RA AN, FEm T PLA R 1o B, BATACUERE] T & L, IEFRINASE] 74
REREVVELOE S

6.1.5 ARGHILELFF

LA M Z SR RINEZ )G, ARG AT T FIERR ORI AP
Bk, TR RIERRSE, KOS AR RS e R g P A IRORI i,
A LR 2E R

FEHERE R GUH, IR ROt I KA b db AT S B 2R, RENE AR IR MR L3R f R
B o HEFEAE ] — 2 R B b, AR AT S P A0

6.2 AREINGE

KREVEANE T AT, MR T HARIE. ARGRM T HAC FESET SR 7
xK.

% 19 T 3 3B
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BLE HEEE

FERE T AL H AN B, JFSE AR 2805, FRATTERE WS Xt F P 54T 56 W& 1
SR T

7.1 RPN EREESE

AR GER BT N A T3

AT I AR 2% L SRECE AT H R (5 B L 1 RERALTT H ARFAE A o) 2 ], I f 2
TR T — RB1 70 FAR2E . BT RERFVERREANT H 7338, 155 7% B Z [ R T
E

AT B P A 3 S S S s fhx 7 H RSB E SR R R AT
B P A T REE 2 — NIRRT R AL B, JRRAZ ISP T AR 2

N TS A i s, JAN R BB — R RE R S aSAR  geit U7 3. IRE AR, K
(R CE N ESES 0 D= v i A )

AR T LS AR H A R B BO 2 TR 6], RATTAT BLR AL %
17 et L RO R PRI 8 | 3RS 1 RS2 ARALURE S i DAAE s 4 2 [ v i) B )7 [ A
HE, ERR T REARKAN H 85 A ER R

7.2 AN

TERR IR, FA R LS AN FRE MEkEa FHR I B R
ik o BATRIFIZ— A, 240 T 5P H AR I (R38R R, it
REFITIZ05 R % 7 B0 S0, T RAS S MU 0 8 P P A o B
FEL P B AP R T D B BT TR, R, S KN MR, A
1] 5k 5 A FH P O T

TRATAIE, N H B AT A I VT A, FFLL, %8P P B A 1 5 1 2 A
TR RE U . FRATFT L5 — A SE U R AL O<d<l, M8 A S(7- 1) PEAR U i #EAT i
54 TE

Voew = dVod + (1 = DVprogram (7-1)

AT(T-1) F Vo & F P it 22 (AN LS Viprogram e 1%/ I FIREALTT H A1, Vinew
Fef AP BRI R BT CR S d ], FRATTAT CLREES L RS R T
AL UL

FTUARERR, P R e R v 7 22 [ v e o ) At 2 45 (AR A T AW Je e . LA,
AME RIS BOWE P, RN FH P i A8 A0 L RE RS SN e R

7.3 #HFERN
TEA B P MR A, BT LA TR T

5 20 7T 3% 351
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TERRES, BATFEBASE] T —MRRE, el TGRSR WE(6-1)FR, 15
B FMN IR L, PR EGHEIRET G ST Puidie i P o R 2 se s H 288,
PAVE 7RI HIX AR E . G0, 7550 FR A IE AR R T 0 s 2 AR
RAEAE HAEWRA 715 a5t b, BER AR E S RIAT IR G I, I LAY SO A7
TEFAT . WA HAE A

Xt TR — AR R P RN A, AT L R E RO SR S A P IR
H o FEAT— B 25, 43 T E S5 P AN P 1) S AL P A 19 s AR SZARALRE , B R
BT e m R 3.

PRGN 7-1 Ffios o

SimpleNavigate(V, Node)
1 if Node has children
2 thensim1=sim(V, Node.Child1)

3 sim2=sim(V, Node.Child2)

4 if sim1>sim2

5 then SimpleNavigate(V, Node.Child1)
6 else SimpleNavigate(V, Node.Child2)
7 elsereturn Node

B 7-1 SimpleNavigate ER%X

7-1 S B fAT () SR A A . b, VR AR, Node A2 4
RE A . #1451E A SimpleNavigate(V, Tree.root). H0%E Z4FF & O(Mlog(N)), Hd M
SEREMSER, N HAE DM 23R B8 — N BaE ezl e | .

WIRTFTIR, BT WA R B2 — AN B SR I 4Rk F P REAE, R 7 Dk Bk b i
K HIAS B, A TRT LURS R 503k SimpleNavigate 50323, fi 2 GEfig 7 X, 7351 Navigate 5012,
i 7-2. FEXFIFES 4. 54T, WK AT PAST15 s A AL 2 22 I 4 xd B /N
TR v, WL AR ELE ) o X REY K T AT HERE IVE L, SRR T A I HER S .

Navigate(V, Node, 1)

1 if Node has children

2 thensim1=sim(V, Node.Child1)
3 sim2=sim(V, Node.Child2)
4 if |siml-sim2|<t

5 then Navigate(V, Node.Child1, t) and Navigate(V, Node.Child2 , 1)
6 else if sim1>sim?2

7 then Navigate(V, Node.Child1 , 1)

8 else Navigate(V, Node.Child2 , 1)

9 elsereturn Node

B 7-2 Navigate BRA¥X
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7.4 AP1THRZIE

AT H BORFIR T, B BRI — e MR, — BRI REMR G E R
AR PSRN H B2 5 R RHI

f 7 B 5 R Gt P P A2 — AN U 32 B AR T) o 20008 1EAE 3R 1 H AR I TR
MK FZEC B VER I RS R ATReE 2 M H o N TSI, RFEEA —H A H
IR, FATtRE A gttt oK

A AT, AL H AR SR, SR, AT S AR E R R D). Y
TR IXAE I, BATAT DAl — AN GRAE, e T G T AGE . 12— ISP
FITEASKK, AR AE—/NEI TR A DI Rk, BA T AR R SR Al b 4k Rt Tl

Xt PR AUE 2 T PRI E S 8, BRATR ABOE — /N RME,  Eedn 30 &, IR
WA, TUASKE LT H SN HIMLE P 52 0 TR Le jY P I35 AL, I R H
BRI H A v R — MR E A, S TRAME, ARSI, AP ASEREER
ey, MIAER—MIIEEEIRA, FRE, FATATCLBOE —MRAE, Han 3 /M, R
RANME, MR H AL AR A T 52

7.5 Bf[E]ZERE

X RS E AOHERE AR T 90 4 L% b e i (KR B K BN [ S AL R ]
WA U, AL B RS — S El LA (] BERERTSG 100 P O B R s i Ta] B
R, WAARNIAE B ALK RE DhRE, B ATZASDhRER S, i bidF A a
I R RE X B o

ARG TR AR SN, BATTH ALY B Z I ARABLRE T Ul 75 2 Ik e . 34
FETBON 18] BEE AR AL H EA T2 8] AR DL B 20 2 3l A — 32 R 4L, e
PRI o [z, QRPN REALT B 3O AR, EATZ (] AR BLEE AR 1238 24 32
Ite

RBEIA TR —K 24 /N2 T B AR5 IRATRFEOR ISR H A R 823 (Rl J e
A TRIAFEREZS[E], B MXN FEREASE], Horpr M ORI TR BE, N TR R R i 8. — Ok,
FoRs H RAES LA TR BU&E G R, AEIZRALTT HRERE T, A 72 e RO 8] B A
JUTARE, AT 2%, B 7-3 2T

[al a2 a3 ------ aN_l
| 0 0 0 - 0 |
[0 0 0 - 0 |
a; ay ag e aq
0 0 0 - 0
la, a, ag o ay

A 7-3 BFEAERE

PR T 24 N4 A 6 B, TUAERE R 6XN. B 7-3 FATRY BHANES 1. 4. 6 ]
BB -

PATUN T 78 ST TE)HE R 2 B PR AR AL -

BEE PN B Py Po, EATHIAERE S BN A Ag, THEL A TRLL A, (M B R=A; A,
G, RHIGEG, HIERRE ALRIZE i AT REA A (2 j AT RIS Z B AL, RIS E Py
TERSTIBE | 595 H P 7ERT B j Z (R AARACLE . Wit Py 7ERS B i WA #Ri, B P, 7ERY
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B j ARG R ARG, DMERZE: BN RFGjIEIEE.

IRPEFEBETIE IS BIE N, WL R, fE4RHARE R MEX AL ERnsRRERT Po.
P, £ 5N R 1) B L O ARBURE o i SRAE X M2k B e R AR, 3B EA T 3% 5On 18]
HES, RO, EEREME R, B30 A REGT T R R P AT H 72T
AN ) B L AOARACLEE o SCR A Ia) B AU R 1, B L 23 SRR R 1 st AR A R AR I
o FTRAFRATE XS T AR5 RE R € XL T AX(T-2) s KR E, 78075 58 1 I Al A
PEo AF(T-2)H M R B K. B 7-4 524 3 (7-2) 1 R B A

fG,j) =" [li—jl = 5| +h (7-2)
f(i, )
N
I
h ____________\"_‘;_\:///- i
0 M/2 M [i-]

B 7-4 FREREH R EGR
RAETRATT 5 SRR R 2 T8] PRI AR ALLFE A «
matrix_sim(A, A,) = maxirlljzlf(i,j) -R(, ) (7-3)

ART-3)H, fREuh 2 AN(7-2), R, j)FExR R PIGEG j)FE.
%] 7-6 REAEFETCE 73 SIS A R R
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EXRER B (B4 &)

.__\
\
.

AR )

Bl 7-5 FERETTR M SRR &

RRERE SRR 2 18] AR AURE 78 70 25 B8 1IN TE) B AR PR 3K, B ] PR 3R AR R i K/ T DL
AA(7-2)IFHAT IS

R IRIA I TR S A4 FE A O(MIN), MR I B, N JE s 4id. JRATREL, 4EFE
REARFERERA, BATR EOREA AT B4 — DI RS T, 4w MRS fm i, R
THEARLE & I R N TC R AR R E . W0 Ta[2]=1, To[4]=1, WIFEZRUEREh AT
R HMEIEE, AFIEEH,

Ak, FRATFIRERE B A ) RS Ay e AR RS ], BF MOXKN FEREZE ],
M ORI TRIBE, N 2R AR R 22— N, WRAZ AT H r%E
KN E A BN ERERE o th T2 B FEREE R UATARR, Bl ERm, A&
AR B FE T UAT o« IXRESRA TR RIS % 1 FL ™ B ST (T R L)

FEMEREIS s AT A% [ AR e 10 7 A SEARABLEE . SR AR I [ AR (KIS
H AT -

7.6 REING

RFERGIRIR T A O HHERE S, 5IN T F /2 e B R TR R R R - 2R B,
FAITERL T BN ARG
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A PERSONALIZED TV PROGRAM
RECOMMENDATION SYSTEM
BASED ON VIEWERS’ PREFERENCES
AND TEXT CATEGORIZATION

The plethora of information has made it an exhausting task for consumers to target the data
that fits their preferences. And recommendation systems have won the approval of many
consumers due to the precision and personalized services. Therefore, it has become a promising
research field.

The main functions of recommendation systems are tracking consumers’ preferences and
recommending products that may fit consumers’ interest. Nowadays, recommendation systems
have had far-reaching influence on every aspect of commerce. The main applications include
book recommendation on Amazon.com, videos on youku.com, products on taobao.com. It’s said
that recommendation systems are accelerating the development of e-business and people are now
quite dependent on them.

Meanwhile, the application of recommendation system on TV programs is also attractive.
With the rapid development of modern digital communication, digital TV has become one of the
main information sources in every household. The revolution of technology has enabled set-top
boxes to receive and store large number of programs, which also makes it difficult for consumers
to select appropriate programs swiftly and precisely. The employment of recommendation system
on set-top boxes can bring new life to the whole industry.

Although there have already been lots of breakthroughs, researchers find it still necessary to
improve the strategy and algorithm to achieve higher precision and wider cover.

In general, recommendation systems can be classified into three categories:

(1) Content-based recommendation;

(2) Collaborative recommendation;

(3) Hybrid approaches.

Content-based recommendation stores consumers’ history and recommend products similar
to what the consumers have bought before. The characteristic of content-based recommendation is
simplicity and efficiency. However, the shortcoming is over-specifying consumers’ preferences.
And to those new users, content-based recommendation cannot do the job precisely since there is
not enough history.

Collaborative recommendation tries to recommend to one consumer according to the history
of other consumers who enjoy similar tastes and preferences. Collaborative recommendation can
recommend products that have never appeared in the history of consumers, but may cater to
consumers’ needs. However, it suffers from one problem: some consumers may be too different to
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be classified into any group.
Hybrid approaches combine content-based methods and collaborative methods together,
taking both advantages and making up disadvantages.

TV program recommendation is quite similar to other recommendation systems as far as
algorithms are concerned. But there are three disparities:

(1) The description about programs is hard to acquire;

(2) Consumes’ feedback is relatively little or difficult to analyze;

(3) TV programs are time-sensitive.

Due to these disparities, recommendation systems for TV programs have attracted much
attention.

Most recommendation systems pay lots of emphasis on how to analyze consumers’
preferences, which is more than correct. Yet little work is applied to preprocessing of TV
programs. Most of the theses abroad about recommendation systems assume there is already
enough information about TV programs, which is not the same case in China. In order to solve this
problem, we have developed a web information extraction tool to acquire enough description.

Our system combines web extraction and text categorization with traditional recommendation
systems. The information acquired from the Internet offers integrity and sufficiency while text
categorization brings flexibility.

In this paper, we mainly describe the design of a personalized TV program recommendation
system based on viewers’ preferences and text categorization. We have designed a web extraction
tool analyzing the link length ratio, in order to solve the difficulty of getting TV programs’
description. With the help of this tool, we can extract large amount of document data from the web.
We then construct inverted index of all the documents and a vector space. We also introduce
Latent Semantic Indexing to lessen the influence of synonymy. Then we categorize the programs
using the method of text classification. Meanwhile, the system maintains a dynamic personalized
vector for each consumer, based on which recommendation is made. At the end of this paper, we
take time-sensitiveness into account and introduce time-matrix to capture more habits of
consumers.

The overall structure of our system is composed of eight parts: web information extraction,
Chinese segmentation, inverted index, Latent Semantic Index, vector space, clustering,
personalized vector space, and time-matrix.

In web information extraction, there have been many methods:

(1) Manual extraction;

(2) Semi-automatic extraction;

(3) Automatic extraction.

In our system, web pages come from search engine results, so they are of a wide range. As a
result, no explicit rules can be found. Automatic extraction is the most appropriate choice.

Automatic extraction methods include:

(1) Visual cues;

(2) Tree alignment.

Visual cues method requires lots of training materials and tree alignment method is designed
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for discovering data record. Thus, for the totally random web pages in our case, they do not offer
effective approaches.

We propose an algorithm based on calculations of link text length ratio. We define several
certain tags in HTML files as block tags. The HTML file is first parsed through a HTML parser
which will correct mistakes and construct a Document Object Model (DOM) tree. Tree structure
offers us great flexibility to traverse and analyze.

The whole algorithm is based on three observations:

(1) Most noises are links. For example, ads, videos are in most cases links.

(2) Similar contents tend to be in the same block or near blocks.

(3) In the main content, the ratio of link text length to plain text is relatively small. In the
contrary, the ratio in the noises tends to be large.

Therefore, when we navigate the DOM tree post-orderly, every time we detect a block tag,
we calculate the ratio of link text length to plain text. If the ratio is greater than a certain threshold,
we may tell it is noise and thus remove this node and all its children from the DOM-tree.
Otherwise, the node is kept.

In this way, we can extract main content from web pages. This algorithm works better when
there is an explicit main content block in web page.

After we get enough documents from the Internet, we go to process them.

In our system, we mainly focus on Chinese programs. Therefore the documents are all
written in Chinese. To process Chinese, the first step is segmentation. We employ ICTCLAS, one
of the most famous natural language tools in the world. For Chinese language, stemming and
lemmatization are not as important as segmentation.

The documents are then turned into terms. We can then employ bag of words model where
only term frequency accounts, not the order terms appear.

In order to save space and calculate term frequency conveniently, we introduce inverted
index, which is composed of a dictionary and posting lists. We use term frequency and inverse
document frequency to analyze the document precisely. And then vector space can be easily built.

There exist two typical problems in vector space model: synonymy and polysemy. We then
introduce Latent Semantic Index (LSI) to reduce the influence of these problems. LSI is based on
matrix singular value decomposition and low-rank approximation. Then we convert LSI back into
a new vector space whose dimension is low and also involve co-occurrence phenomena.

Since each program has a corresponding vector, we can classify them into different
categories.

There are mainly two different kinds of text categorizations:

(1) Supervised classification;

(2) Unsupervised classification.

Supervised classification requires training sets while unsupervised classification does not.
Clustering is a typical unsupervised classification method.

In our system, we use Hierarchical Agglomerative Clustering (HAC) to classify programs
and derive a dendrogram as a by-product which we may use in the recommendation part.
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In the recommendation part, we try to tell consumers’ preferences out of their history. Since
we already get each program’s vector, we can construct a vector for each consumer as well. When
a consumer likes one program, we add the program’s vector onto the consumer’s personalized
vector. In the long run, the personalized vector can represent the consumer’s preference to some
extent. And when recommending programs, we just search for the programs whose vectors are
quite similar to the personalized vector.

People’s preferences may change over time. That’s why a decay function is employed in our
approach.

The greatest disparity between TV program recommendation system and other
recommendation system is its time-sensitiveness. In other words, a program may only be aired in a
certain period of time of the day, and consumers may have their preferred watching time.

Therefore, we expand the original vector space into a time-matrix space where the time factor
is involved. And we also define the similarity between two time-matrices where time similarity is
calculated in it. And the similarity function takes matrix structure into consideration. So when we
recommend programs, programs similar to consumers’ tastes and watching habits will rank high.

In the end of this paper, we evaluate the whole system and display several results. Overall,
our system works well.
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