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ABSTRACT

With the rapid development of Internet technology, human beings have entered the
era of big data, the problem of "information overload" has become one of the urgent
problems to be solved. Recommendation system, which is one of the technologies to solve
the problem of “information overload”, has been widely used in Internet applications.

Traditional recommendation technologies which based on statistical learning and
deep learning cope with the dynamic change of item popularity and the update of
recommendation candidate set by periodically updating the model, which can not update
the recommendation priority in time according to the change of item popularity and the
cold start process for new added items can not be completed quickly. Dynamic
recommendation algorithms (such as Bandit) can solve the above problems to some extent.
However, the performance also needs to be improved, that is because: 1) Their ability of
models is limited, for example, LinUCB utilizes a linear model to fit the user’s interest
on a particular item, the representational ability is limited, which caused the limitation of
the model. 2) They do not take into account the heterogeneity of distribution for users’
features, the recommendation performance is not good.

In view of the above two problems, this paper chosen news recommendation as a
specific scenario for dynamic recommendation algorithm study. Based on a large-scale
and real-world online news system user behavior log, we measured and modeled the
dynamic change of news popularity in the news recommendation system, the pattern of
news for added or removed from candidate set, and observed the distribution of user
features. Based on the observation results, we proposed two algorithms to solve the above
two problems and evaluated our proposed algorithms based on the real-world data. The
main contributions are as follows:

(1) Aiming at the problem of poor representational ability of existing models, this
paper proposed to use neural network to model the relationship between the user feature
and the expected reward, besides, we solved two difficult problems of neural network
updating and loss function selection. Specifically, first of all, in order to solve the problem
that the online training of neural network is difficult to converge in the case when the
samples are unbalanced, we proposed a user feedback aware training method: feeding the
neural network with different times according to different user feedbacks, compared to

the traditional training method, this method achieves nearly 40% performance gain.

iv
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Secondly, this paper modeled the recommendation problem as regression, classification
and policy gradient. We tried various loss functions, including classification, regression
and policy gradient. Experiments show that under a reasonable configuration, using the
loss function of policy gradient, our algorithm achieves 2.1% performance gain compared
to LinUCB algorithm, which proves the performance of the algorithm.

(2) In view of the fact that the traditional Contextual-Bandit algorithm does not
consider the heterogeneity of users’ features, this paper proposed an innovative
hierarchical recommendation algorithm which is aware of user features. This algorithm
can dynamically identify the categories of users, and then dynamically match the
appropriate recommenders according to the categories of users to obtain the best
recommendation performance. Experiments show that the proposed algorithm achieves
3.3% performance gain compared to the traditional LinUCB recommendation algorithm,
which proves the performance of the proposed algorithm.

The study on the Contextual-bandit recommendation algorithms in this paper,
improved the performance of the current mainstream dynamic recommendation
algorithms, has certain theoretical values and application values.

KEYWORDS : dynamic recommendation; recommendation system; news

recommendation , Contextual-Bandit
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HEE T — Bl R BURS IR 2 RAHE R SR o AR BEVE RS ShAS F N P e
FH, SRIGIRIE P A, ST A E MRS, RIRMG AR RE . S
R, ZEFARE TSR LinUCB HEFE5EHUS T 3.3% MIPEReI S, E T
HIERIVERE

1.5 ZRIRCHIEALE

R HLRGERIUT
B AN Y AT AR L BRAT B S I HEFE B Contextual-Bandit HE7

k. RERESANAHEE RS BE W, 1£58 Bandit [0 8RR TS FEXT
S Vo] A7 AT ) — AN B A HEFE 5292 LinUCB 0 7 VEAIVR N A B A5 o [F] I
I AR BN EOR A ST & .

% =T Yahoo HriEIAHERE BRI B SLHERF D%, MBS 1 E T
ARG — SR o 1288 7R AT FE BB AR M, Rl 4R S B E Y
NEREFARE, RIS T P RRAETE 2 ] N B 20 A o i T DA R TR T
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Bt ow & @ K ¥ W ok ¥ L i X 1 =

RELEHERE R G RN I8, A% G AR SR AE 23 5T m] BEA7AE 1) [ L K 3l 7
I HERE S I 0 EE A

S DY TR e HE A St RO IR0 2 SRS B B =2 il i, 25 T LA =ik
B, VEANA A T TR B A R SRR B IR, BRI T LR R
oot i BARTT Z0F HvPAh 1 5 TP W 2% 1) sh A8 HERE FELE AN R = A 2k
HONTERER DL

IR T IATI S I A PRI RUR I 7> R S, g T BRI 2
A AR BRGSO AR . I VPl T EEE R ) Ak Re, T4 R
T &I RGEHI T .

FNFR A EETARBEAT 7S, B4 T AT EE ST AL R ARRE
WL CARREAT TS
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bR
BR|
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2 PRE=

KRENPHREART 5. BANMBHEFE RS TH EE LI Bandit 55 7E
HEE RGP I, PR A — R EE R HE: Contextual-Bandit 52 7E 345 ¥t ]
HEAF AR IR, A AHEA BB LR, R)5, RSN Contextual-Bandit
SRRAE AR T B N AN TR IR, 48 A ST 5T 07 7] o S5 JE A 4R A ST R S 31 (1)
— SO B AR A 5 T 215 R Je e AT

2.1 HEFEZRG R EE [o)f

HERE R G R O AT 5572 g 2 000 DL BC 21 P B BR 1) ek i HE g 45 FH
Hig 1) HAr AR R G BB B E R e — MRS RS REE
i R 1 AR P ) it 2 B) BRI AH DR P I AT VA HESE o SRTT, AEBLSE I HERE 7 53¢
BRI TR P AR B A R I A I g A R IR R . BARIE R

(L) HHEFE I FT RAN 23 36 BT 1 D BORBR A, FH P B B J T %«

HEFF RGBT RNAEHER RGN W o B FT BN IR (XA — PR
2R P A WK T —AHLES 52 21 1Y H“ machine learning 7, 5“ machine learning ”
AR ) — AR PR R TIRE 2 I “deep learning”, 15 “deep learning”
AN PR RE 2 HESE RS “recommendation system”, 5 “recommendation
system” e AH ORI 5 A HE X 2 /& “machine learning”, IXFLIZEL | —FP 3R, 1XFP K
FERERRNHERE RS PPEFT N . B T ATl W, XA RN AR 25 Sy it % “ B A
AHEAT A7 R, X AERURES 525 T P A Y i R s 1 —N 380, IR T
B VIR, A4S FH P R B S 5 1 R T B, KA DIt 2 36 il P AR B6 ) T
B HL 22 o U IR R

(2) AL BIR R, AR TR IR A28 -

FEHER KRG, ALY T REIC A R R KRG, JRILE A . XA XL
it TSR A5 PR TE B At sl AH X 52, DR b gt 4 752 1D T R Al 23 AR AR, SR I £64) i A]
REA — LR AT I BTN, E T AT R 4 D3 s HEE R SR IS, R B 3
BAR T HERE RS HEE R RE . XS U BUARAT I BT a3 FEHERR RIS, TG
EE MRS FH P, S HEE REREA T ORI R

FEAERE RG T, BEkg F e VLB RS B (A i, IXRE () SR & A R 9 0] FH

(exploitation), FH_F[I M AT %0, A RFRAT A RECRI 560, 2 p iR w
AN, FEANREIS B KU RS (e RHERE RS2 8 E) . Ik, A T4 Bk 1A
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A, G NIRZEML, LEHER: RS DL — € B3R BE LPREK (exploration) HEFEFIH
JAUCECAN AR IR B4 i DI X A 1 77 202 40 58 P 1 R, #2908 A0 5T 5205

H, an el FH — AN RE ) SR A R R I AR B2 . J IR R I B /N
g, il BIPAS n] A BE A5 BR IF OS2 A, IR R JIEIR RIS g, P AR5
AN, B, FEIFRIRR SR R ST R g ttae. 3
HAHEE RGP IR 5 R 897 6 A3 B BR O8 HERE R S 1) EE(exploitation-

exploration) [ 411,

2.2 Bandit EEE Y

fit vt BE In) @il — R AEH & A W B2 2 8 2 )R LA (Bandit 59%) 42). Bandit
SRR AU BE A8 — 280 EE NS VL . Bandit I T Y, & R EMERD
TR —AEGE, BERRRERN, £ —E, —HERZENL, S —FE,
FEAFIE A2 RS B AR R i et 4, B AR BAZ R — AN L
A REATAF AU i e KA o — ol i Ay 17 P P SRS 2 5 IR S R LB B > iy s e et
AR B Fe L, IXEDZFIH Cexploitation), 53 —FhJ7 &2 LR K (ML 25
HEFE A HT I B e =y B PR AL, DA/ BUE 2R B AR I B A LD (1) 52 %
ML, X Fh s Aok DUHIR R BE AR Z L, IXEIZERZE (exploration). K1,
WP R R AR A 1B, 72 Bandit HEFZEHE M. LT Bandit HIEM)
MK ARFEERZ, FEASUUTIIRAEL:

(1) & — greedy 5.7k

LR EE [0l B N T 50— Ak sURE . Ok, X BEENE S
BHEBE—A, B e, ZBSERE—NE (0, 1D ZMSTENAIEL BRI
1- & MRS 35 Y A EE [l R B R 2 PR AL, DA e IR AR I EE U & e K B2 %
USRS BN LB — AN E FEMl. BI: DL 1- & FIRBEREATFIA, DL e FIMERIRZR.
X R EEAINT T 7 B D00 SRS BTN TR, SR, X2 —FE R AEE, &
S e AT, ERZENEI T IHFA R RGE B RAER IR .

(2) BEXN LEAE (UCB)

UCB %52 2002 4E3 1 —Fh vk Bandit 18] R S0EM], — B9 72 N
Tk Bandit 18, UCB B4 BE X EIFEEN, AF—AZRNLERE 7 A
B WEATE (BEXED. EEEE N RN EE, SIRZEE
Phik BA R IHE 7 Z I A EE. Hodr, &EANBhE j S0 A 08

_ 2Inn

x]+

(2-1)

nj
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Horr, & ZsE j BFATE, n 2 ZEnPE AR SRR E, n —EFTH
BN S ILE BRI I R BEEX T8 AT LR BRI B0 E (2RI #RTHEX A
355, R ki th B A KA B, AT W, 85— S e SEae I3 /b 1 it
BRI (52 BOR, &R, BRI AT REERIR (R ). 4
— N ENVE SIS IR B 2 iz, 25 00T T %, AMES I Bk E A I,
RIZBE P 35453 70 . UCB FIEM LT € — greedy FIEI— KARFH I KA
RERON— &, HAERIEN TIRRWIIE, KRR IR B E M RE -

(3) Softmax & TR

Softmax 176 $6 5BE 1) J A SR B 20 T Wi et B B e E . (RLERD) AEN 2,
X TR 28 BN AR I BENEZE A O B X b R AR I8 ik M 28 (1) T A SE AR = AR H
Mgt—. Bk, RHA NASHERTLULESEE, Q) R j MaERIfhiit-F
ifeas, w; REEZSIMERBE (RERBUZBIERIBEERD . WShERIALE Jy:

o
= 0,60 2

bR e H R BT SROT O

— Qn(])_mln(Qn)
W, = 2-3
J Zivzl[Qn(])_mln(Qn)] ( )

A BRI, BAEE L —E MR LR B TR, I
KIBIE A Mg £, IXFERiseal 1 BR R AH] FH 1) 5 . £ESERRI A, &
WA ANESE © RGN E . 2 AR/, 2SR S & T4
M, 4 BRI, S TR Rk, 4t BUEA 0 B, RSB N B0
WG, 4 T BUE NG RIS, 1 SRES IR S BEATL SR .

(4) #EFRFAFE (Thompson sampling)

RN 2 DI 22 YR AF o Bandit 18] @K — Mg . i BER AR BhTE
BRI HYES T —A Beta 040, SR ERRMEEASITERTAR KT Beta 73 Afi b i H
—ANBEALEH R, TRk H SR K R BEATLES TG S I S E AT 1% 80« 15 3Z 30 1)
R E B IR ZEER 55 Beta 7041, I A B2 123X AN 5 58 70 A 45 2054 sh 1k
HSEH TN A o B3R I SEIS BUEUD B, 1Z 30 ER) Beta 30 A1 1% 2
B ATTEEET, BEm TRER: A E R SRR IR 2 K5, %30 1E K] Beta
I3 A ) R AU ATIE B AR, SR TR .

PA b UM Bandit 0] @ () LS /2 — AN Bhals i EZ T L . R AW
s 5 P AT A ToRB IR B SRS, S8 5 DUIITS B R U BA L LA g
R Bandit 7@ ) 7745 LV 2 A8 R D gl B THERE R g ik,

10
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2.3 HT Bandit WEISHEEEE

AN AT E 1921 Bandit £EHERE LSO PRI, LR HES 7] FLE Bandit
R IR, B R UHE SRR MBS HERE L Contextual-Bandit #E77 5% 1)
SR S A FUHUIR, 45 B IUA I T TAFAR B 0 X8k, SR A 48 H A SO 32 22T
FUIN Ko

2.3.1 Bandit EAEHFERGHRINA

S o R 8 R 2 ) S EVEANE . Bandit HiLE— RS R TELM
% . Bandit HIEAN BT SPAEIAE AT, RS R B S RIS, SESHE
REVEALE, NS A AL 4 R G SR I . FEHEE RGH, AT
FEHER FBIEY) S SO — A aE CGEJENL), Bandit EEAEIX AN 5t B2 @
R RIERAFERIZE (HEFED D SRER[KZ e /R E) k.
FA— SRR EE RS, BT Bandit HYALE BE AR F W H AR, ZEERE) T
2N T HERE RS A R BN R, 6 TR v JE B i L, 1SR AT DLE T
Wit b3 ) I AR DRt 050 H T AT B, SRS IR RIS 45 R e 2 JE 1
HeAF S, FERCH A 3. 25 FFTIR, Bandit SEILW4A L& W 12 N
FHeRE RS H U T A2 . Bandit 59510 EE BRI SHER RS A
A 1) {43 2 22 A%, Bandit BFVERIFELL . SIAFREATGHERE R GRS SCil A B
At AT P AR AL 22 G0t SR IR 52

2.3.2 T3 Contextual-Bandit ¥EFEE X

(1) Contextual-Bandit [t 34 J7 3

RTINS Bandit BIARIEA R . FEAMR T S0 TGN 4. &5 Bandit
fi kT BT Gt E ), BIERGTHREA I E R R SE . BAE XA E R,
SR JEARIEA R ) BE VS HE HEE A AT HERE . X PR S Bandit #EF7 HIE A
FREA T RHE, EaRET SRR, Bk, MAGRREA S, Rk AR LT
HEFEROR . 52T BN SCHY Contextual-Bandit #7752 1) — KB A2 7 AR
EBAEN, ZEIENER N R SRV NN EE GEFEY D FIHEWEE S H I
FRIEZ AR R OCR (e 260D . SR AW s 205 I A 7 FIRFE, A
MR T B A5, B I ANIRR L], SCIBhAHERE . 2R BN T IR
Yahoo HIRFEFATHE IO, FEHAE 72 B T8 7 S 2 S HEAR U 7B %%

11
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o, AR PR BE ) i KRN AR 5 F P BRE 2 IRZRME R 2R, S8 a P de st
BRI KRIESNZSE, ELNSE, DURTSE 2K RS . @it X
T30 AMSEIR T AR A A, T BLAg R T EE A

(2) U&=l A i A

W& R (ridge regression) A& —Fh#E 2 LM RITE AR, & —Fl R &/
ZFefbrtig e IR R IR I AT DAE SR A L R AN TS SR R R, BEARINAN T
—EMIRBN, HRAEA GRS AR RUR, R AEE ERIM R 223 H ] @i,
—Fh L RCH DL R T R i i e E AT SR B, B H SRR

min|| X0 — Y||? (2-4)

2 H AR R B0AT DLE B T BRI 7 AW S 805 2R B e A fig,  thm] BA
i A2k O RE AL (R AR B A AR A R

0 =XTX)1XTY (2-5)

ST, AR ZAEOL T X XA, FtaEs A BRI . N T il ix
AN TR AT AU TR, 0 [V H s e A0 TN 1 2 U5

min|[X6 — Y| + [|a6]|? (2-6)

B FAN T A SR DL L 1K) H b o 205 2103% H br & B0 P 20, b o 1k
WALZH . % B bs s B A 2N

0=X"X+a) XTY (2-7)

H T 7 IENI, fk 7z o7 R e 4 K 2 H0E Ol Aol g ) 1) &, 1 =L,
RTINS i 7 3400 & )it

(3) LinUCB fii/r

LinUCB 572 % Contextual-Bandit #1354 I —JR B, ‘€A1 7 context
AR5 AF| Bandit FIETHISER, CEAZ PRI U E— DN EERIENY. B
SRR R T S B EE B4 5 P BIRIE 2 ) 2 PE ok &, I BT A IR =]
BT, FRIH UCB SRR o 58

4 LinUCB &3 B8RSR, 193 P BSLH S, 2R 498 2410 FH P () context
), FH SRS SCE ) id SR cHERE L KR [ Y 0 i, antk it S A AL
0 IrEFIHERERE . LinUCB BT 2 P I S 5t #2500 B 5 B8 240, Rtk
s — MELIEE . 1ZEETT LIRSS H - 0 SARAS B i 52 5 L SEes, Rk, T LA
SIS AR RAT BT P (R HHEAE D0 S NG i 2 1 [l (R AR L e 2 o

FIARRFT5 A A 2-1 Pk

12
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% 2-1 LinUCB 53 %
Table 2-1 Symbol description of LinUCB

(e X
A RS A

. I P A

2 MR OB

T 1 I 2 QI SR
A, HT Qi i i ORI IC AR
ba I a5 S I B R
a Nt e LU

R UCB SR HIREAR, B &Rt (IR IR F P R R 2R R H 5, K
W B, I HAE A LGAARR T 3, W BUR Rk

vk 2-1 Linear UCB 1Y
Algorithm 2-1 Linear UCB['!

Algorithm 2-1: Linear UCB Bandit Algorithm

0: Input: o
1:for £ =1,2,3....T, do
2:  Observe the current feature x,
for all a € A:
if a is new then :

A, < Iy

end if
6, — A;lb,
Pta < Oax, + “m
10: end for
11: Choose arm  a; = argmax,ep Pt and observe a real-valued payoff 7,
12: Ay < Ay + x.x!
13: by < by + 1%,
14: end for

3
4
5
6: bg < 0¢q1)
7
8
9

HH AR 2-1 A0, B R Sl AN s O B MEE Y 4 T — A 0,
)5, T2 AT RV, 12 R R B Bl 4R T B S 12 )
B RIEE 9 ATHIER — I, HLA s ST ISR WO MR R R R % EFR, C 1 Walsh

13
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et. al AECEHIEY] . SH o EHRENIE . 5 12 47805 13 17, [R5
ARURHERF IV SE R BRI BN SE), P IR TR R MUAS DR HERS 1R 405 SRR 5
SEB B B PAEE Y A S HOERE T, N2 s S AR & 0,75 358 . WAL
FAE PRI, XTI, W TRE R AR B R (3532
AL, Kb EREAE T AP IR ROV VE TR R L 0, AR,
M (0, 1) NEERINTITRE . 1207 FERRHE IR AT R EAL AR 1Rz c
A7 RS W R A . B A IR RAERE, W2 — 2R AR RE, SR 1Y)
S E 6, MaER—IKEH.

2.4 Contextual-Bandit 3 E SRR IR

LinUCB fEA Contextual-Bandit HIFFILZAE, AlHrH0R FH A RHE 5] 2]
Bandit i, 5T Context-free IHIVEM EL, BRI IIAMEAL, HERH3R
15 7 S I HEFAUERI R . 4% LinUCB 2 J&, % Contextual-Bandit HiEM G K, AR
AR E T context [¥] Bandit #EFEFIEM BRI T, AN A SR A
Contextual-Bandit &% 1A 5T HUIR o

FEAT Contextual-Bandit #7757 : LinUCB R @40 i B A5 90 5 H 7 BU%F
AIE ) B 2 TR R AR R R 1 G 2R 5 X PR RAE R 25U DL ARl T 7 4%, N T84S
BRI 35 5K IRE M, 26T SRR ) Contextual-Bandit FR5T ] 41 45 55124
PR, A R AR A N B LinUCB HI &k, Bfok, i
H, RGP A ) SCIAE Baid — A BB OCTRAE — ik, ERXANE, 4k
(IR 5 E F 7 22 18] FRRE LS M B i R0, X P R R AT RE 429 Y FH 7 5
P 2Z B RS B LA B LinUCB ByARUS B T RE, XA Bk 25 =77
RGNS BRI S . FE[45]F, — P sEm iR BT, XA
FIEAEE AT A B e A B P AT REE, SN2 24
THEARNHEEY) S A By, #OKE % F P B & 2800 Hh (R B A P 1945 2R
BT E IR R, REERRIRBG, SCRT RS, BHHRE. X REE R
WA 7w, (BRI TR R A S R . b4, T8 AR A
Contextual-Bandit 5% A5 H 1401, e () JE AR B R 2 B i B B 22 [l 5 H
FURFIE 2 18] S I HS AR 5% 2% o 2% RGN [6] A2 44 () Bandit #HE 47 505 AT HH CHIF 7T 147481,
AN, ZHEAR CEdz) ol N A T B YA A Al 1 A DA AS 2158 s 1 A5 11
b T RIREE, BT Rl R A RE AR TR R UL AL ) SR, AR T AR
[RISEEGRRIAOY, HhAh, N T 9K ES Bandit BVE RIS EN BUSTE, — MRk
()77 ZZ IR 00, H -3G98 Bandit BRI
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PLEMSEEET LinUCB MIAL EEARBLAE AN i1l — DR AR B
Bk, XEEHLS LinUCB ZEA KA fU AL, K2 DO RER S - R k2
[HEEREE =R LTk &S W liibul g P aw Rl [iEaw AN RN b e AV T
ARy ORI R 5 =05 A SRS s A HERR R, EE R T R OGRS
S

PAEXHESER) LinUCB SHEAREIE, SARPEREHI T&4EH) LinUCB 5ik1E
REHUS € IRTT, (HR KZUERLCARA EBIE, #RF e BaErE i
R TR [l ANH] Y RRFAE Z IR AFAE B TR IR G R, BRI RER Z 50 A
AT RAL I, L, FERZ DL P IFAREIA BIRLHI R o BEAL, BEBATA,
R i SR 2 A 5% A R BIE T BE 3 F 7 5 Ak 2 A 1R 57 Jo2 28 4 4] R R S i
Contextual-Bandit 77 % A YL 144 3 1 6 5 o A4 A5 2R PO A 5 i) i

BN IRE A AR CARGR] 7 CERRE, #2475 5 K AR R AL
BEST, SRIMTBLMY BUE B A 2 N4 S Bandit SRS S I0HHEER L. b4,
T ARGE B 1 FH P RFAE R 73 A i 00, R BUA OHERZ S, Bt S B HERE ALY,
WIS B B b BIHEREROR o A SCREBEX DA S AR BB Fe /b B AR T AT 9T

25 MHEHXFAE=R
AN A S e BT P 000 AR R L AR B 1T 0 U B R U
2.5.1 FHEMEEN

PREE X 25 — B AR o7 B T R W) — 2R, B OB 5 ) b — 2K
W BRI, O R TE IS A ks R TR A RS DR EAS T BRI R
DB O &) 12 N T 8AT Bl o G5 ) e T B PRI 22 WY 28 g A IR I 2%, FE IR
FE27 )4, — e R M 2%, WG ML (CNND FIEIpH 2 [ 2%
(RNN, LSTM, GRU) Sl T % HEMMILH, R4 7 A Rph 2 W 48 7E AL 38 7
[ERIE (8145 2 B IAN A2 450 501 FH SR A 8 G R 8] 77 41 1) RIS 1521 A SCH P
FHIE 2 —>H Logistic [HIAE H /S 4Em) &, FEAE A AR X Kbl LR T B, A
B EGR A AME B A T S RS RS R B BRI E B, BATILA %O
HAn2 gt P 2 4Em s M P i 2 B R, f6 B R EE A2 2% 6
AR 4 b A B SIS 1) R, DRI, AR SR FH AL 30 ) 4 R e 28 O 2 A g R AT T 22 T o
22 2% ) HE A BV A R A

— AT ERL IR A T I A 8 ) 445 ) SR AR 5 A A ] 2-1 Bl
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input layer

hidden layer 1 hidden layer 2

B 2-1 i e 22 o0 % 2 g )
Figure 2-1 The structure of fully connected neural network!>3]

M, A BB W 2% 7 =80y, ANZ, FRBERHE .
NZEMEBRL AN, R 4Ea &, Han P R L. FeOsl= AF i AN 2 A =
IR, AU — Rl 2 R R A TT AR JLRr E IOALE B
A o EAAT ]2 1 B B0E R A SIN G 22 P28 7 R T 9 K IR AR 2R ME R
fIERE ST, 5 ILAOHGE B BCa PR, — R Sigmoid BUF L 73— M2 Relu B
K. HRBA BT

fG) = e (2-8)
f(x) = max(0,x) = {gg i 83 (2-9)

Hrb x Ao, Ll EPmEes s, amams s N 1AL
TERALRE ST, T b 20 20 X 2% 1) SR U 0% 22 (I e (LIt WY 2% 2 A 8 TR R P
150, PR ZE T DAL SATAT B Ze AT AR Lot R B, XRS5 ST o KR
AERESTHIBR A o (HO, 2228 1 280 2 i i, A AT RE iad 1004 1] 1)
[

FeGE NG 27 >) U B R PSR AL G0 RN o XTSRRI, FAE
MARIINZ G, ZEEZI25E, 2 e T BUEZ T Sigmoid B B
BRI A —A~ (0, 1) ZIAHIAL, AT P AP RREAR G iz RIS, Rk
RIBER (AP 22 T A EREAS AR IR XS TR R, St Z R g oA gl
Sigmoid i BRE, BEAMIPL T BTG H WA . 0T DAL PR R, A H R T
E2ARIEANF RIHLES 2 S5 T AR I R s % (loss function), RJF BT K [A]
PR SEABERE N B SRR N 28 OB, f5 Je e 45 K% R K 38 i/ AT 55
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U AR 0 AN B R

2.5.2 SR 5[EY7E)EE

(1) 73280 72K AL > i) — SR i ml L, e = e e 4
LT PRI B AELM ST, M TREfmmARE X, HET—4
FrEMd], ME L mER T —oE SRR WEBERN 1,
HRE > BERBUEY )Y 0. SR, FEARZ 2% T A I i, 283 Sigmoid BRI,
ANPPLITTHW > 0 B 1 0%, TG A TN (7] 5 Lk T A 2R B N Y
AP R AT RESIL 1, FAl4ERE 1 7> B HUE R T REHGE 00 A2 SR8 2% PR AL 5
ARTef 1t 58 B FUN 7 55 SRR ) B A AR B S, e, SR ) R A2 SN 4 K% bR
HoE LT PR -

L=2%ziIny; + (1 —y)In(1—y;)] (2-10)

Hry, z el Z M M A2 o 20 ok e B0 K BIIME, vy, AEE T
H JE A2 W 28 A 22 T R S U

(2) BT 57, w2 9 28 = ot BUEAS B 2] o
B 12 0E]e R, FE RS, R R B0 5k R Bk B R TN A K
B (A A 2280, — Ml DUHIP 5 Z 40 R B BORTHSL, o, ~Fo7 280k s e
XA R HTR:

L=%;—z)* (2-11)

Hrp oz, RSt E e g B2 oo I TNME,  y AR TSR

2.53 REGHEEEN

BE5 S AN R ARG RINLAR 5 2 TR S 5], 505 )l B A AN g B
RO B B [ S R FRAT e K i

FEIG 557 > Uk, SRS AR T SN ZE ) R . — 382 LA Q-learning J9AUFR
A% R R BRI SR, X A IR AR A RIS T R 3)
PR320 K/ (Q-table), EFIRISUR, B RERAERFENE T 2R Q-table 4K 1M
WeHAS 0 B R I BIE AT, IR REIRIE SRS A A AR A 4 5 27 SUAE 55040,

75— RS A I SR 2 HE S () SEPY, SR RE NG AL B S =S [h)
PR I 50 2 ST 55 o 2T SRS IR0 5 2 5 SIK ELROR B REAR IV SRS 2 Hdk, AR
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LR T FERA A RIS RIS 5, MR SIS A 21 1) s =2 8] m 813 e ) X 3
B A A2 T SRS (R 5 2 3] SO SRS B . (policy-gradient) 5i%BS. R
A TR B i SRS B P SR, HE 3 ) SR AR P S A 952 2R R 8

Trajectory 7 = {s;,ay, Sz, az, -, St,ar}
Bl 22 —HEskBoR R D)
Figure2-2 A diagram for one particular experiment
B 2-2 iR, Env ARRINEE, Actor AR B, B REMAA N S H,
KGR R ARG BEAN BT — MRS E B A RIS LR 7 B R
GRS SRS T, —ANEE T, BRERA BRI T 2R (RIZ25), [
e SRR, R (ElED) PREZA T TREME. RATREA RS A
PR BIEF 1€ XA Trajectory, 1% Trajectory ik 1 2N [R5 11 )7 52 1
BRCE REAR B SRS IS HON0, WP —NRFE I Trajectory (1) HIHEZA:

[55]

Po (1) = p(s1)pe(as1s1)pe (s2151, a1)pe (3152, @3) ... (2-12)
pe (1) = p(s1) [11=1 pe (atls)pe (at+1|St,at) (2-13)
WTHEFR, BRERIERASIRE T RIS EEA AT R A2 RPN (a1 .

a, Sz az
+ +
Actor R ERV B R Acior BER BNV TS
S1 a; S2 a 53
51

2-3 SRMEH R R )
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Figure 4-1 The structure of NN based dynamic recommendation algorithm
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Algorithm4-1 Neural-network based Contextual bandit method

Algorithm 4-1:  Neural-network based Contextual bandit methods

0:

1:
2:
3:

4
5
6:
7
8:

9:

10:
11:
12:

13

t: The temperature in Softmax to control the degree of exploration
d: The dimension of the user feature.
K: The number of actions
Initialize neural network I1(®) with input-dimension d, output dimension K
for t=1,2,3....T, do
Observe the current user feature X, € R4
Feed X, into II(®) and generate the utility vector U, = [uq, Uy, ... U]
Uy = [u; — min( Uy),u, — min( Uy), ...up — min( Uy)]
Filter the available actions

for each action a;, do
u
exp(X)

Generate the probabilit a,) = ———
p y pt( k) Zlk(zlexp(u_‘:()

end for

Recommend some news a; according to its p;(a;) and observe feedback
Generate a particular modified /oss function

Carry on the back-propagation operation to optimize policy with 1, ,

: end for

75,

BENEE AR TR RIS R (0, 14T) » SRJE R IR 8 E L)
FEREANNZ, YT RV, a2 5 H - BRHE ) &, TR P R

EF R A BN (3, 4 4T), A28 PUAT AT R L e e o i o LY 2 Bk o 4
TER A, 2 5 AT I PR AR A5 B AL R ST b Al DARHERE X8 1 LA R e AT
HHEHIRY (MEM gz s UE RN, BT ERAMEM Softmax IR ML
NEERGETRTHE T e AT R, SRR ST IR S H T AT S
St AT R P i A RERT RE PR3 2% R AR A 2 AT S8 IR 2 & 1R 1

Zo

4.2

4.2.

PHE N E T
1 FEZIHEEE
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(28 R IEAT B G ks A, Bk, SAESRINERSY 2T RS ST B SHIE 7 30
A, 75 & EHRAE R I SRR B E 7 A G A, fRH AL T .

FRATIR F STHR[19] B AE BV PAL (1 07 R EEAT RATTEVE VAL, SCER[19] B4
LRV 7 AR 2 To e 1) B C 2472 B T 75 28 20 258 [H #32 Sk  vE
REVEMh Lo FRAIAE Yahoo #¥isE LIGIEFRA M SyAARAY, B B HEE I o
(CTR) X—F&br. Hrr, ELIIEFILW T Fis:

BV 42 SRR TEAL S0
Algorithm 4-2  Policy Evaluator!!”]

Algorithm 4-2: Policy Evaluator

0: Inputs: T > 0, policy II, stream of events

1: hy < ® {An initially empty history}

2: Ry « @ {An initially zero total payoff}
3:for t =1,23,.....Tdo

4: repeat

5 Get next event (X, ... Xg, @, Ty)

6: until T(h,_q, (x1, .. %)) = a

7 hy < CONCATENATE (hi-1, (X1, ... Xk, a,1,))
8: R« Ri 1 +71,

9: end for

10: Output: Ry /T

GEIER — NS AR [ E N 2, FRATTARR R HE R i [ W] BEANE
AAHR SR B I HEA 4 TP RO RORT IR . ERtn, A2 o 2, B 2RE th g
I HERE 20 PP T N, T AT SE R 45 2 i L BB R AN 2 N
T, FRATTTE A RIHERS (I A6 AR N1 5T e P R 52 PRI SR A A AN —
AT RUBIHERE o AERXAME DL, AUHEFEAT AL R B R A I PERERE AR TS P 2%,
FATHY AT A 2 S o XM IGIEAE 2 BE 10 )7 X E S IE W 2 ok 0o,

422 BIEHEFR

fE_E— iy, ATCVEAIN A 1A Sl EVPSELEE R TT %, HER
XN IGAFAE: HEFRBIRIIGAC RIS i, 7248 — IR I ik, TR
Wi IEAR S AT A, BT A 02— FE, B, REER—IK
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MRSEIERAELRR . BhaSH) . S EORT T, SRS AE t N2 Z AT 23 t 212
Ja PHERR 45 R 7 A — e IR

N T FAFE @RIV AER L, R NSRRI S HECE T, FA TR R
ANFRHT AR NS — DA, MRS, e I IRSER I EE, 1FoNi%
FIEE S I E T IIHEEERE . AN, FEEEAT) LinUCB Hi%H, £ Yahoo 4
b, BWRA o« v 0.2 WIHREIER IS HAETERE! . R, FATR LA
LinUCB fE %8 240 N PEREME NI A S IRERE -

43 ETHEMENFHEHEFEE LT
43.1 MHEERINIFEF

FEA/NT, JATHER 4-1 AR 12 TP 28 HER: A E AN Rk s T
T RER M. H A2 Softmax IRE H LI S XL
R A-1 FETMEM K BN SR FIEVERER I

Table 4-1 The performance of NN based dynamic recommendation algorithm

Rk T CTR
BEHLHESS - 3.98%
LinUCB -- 6.53%
0 6.48%
cross-entropy 0.001 6.56%
0.005 6.52%
0 6.44%
RMSE 0.001 6.46%
0.005 6.50%
0 6.66%
PG-loss 0.001 6.67%
0.005 6.56%

% 4-1 7 W, 22RH PG-loss I, #RZEJIEEN 1=0.005 IR, SER1H:BE

36



B A i B NS 3 7 e VAR 7' BT W2 R 3 & R | HE A HD

REf IS 3, U Lin-UCB Wi EtERESEm 1 (6.67-6.53)/6.53=2.1%. # Tk, &
AT TR B R I HERE VRS, 285 A SRR U RS BT 7E
F T DA B2 2, FRATRELT “ BIHRBUB B 2 Il 25 05 X5 21 1 45

1E S B AR I 25 0k BOR0 7 S o R e AR I 2 vk B8 i AR S R i RS . A,
BATEAE AL G RN G 07 2P TR e, IR FEIX AR E LR =0, 3
TGN 28 B HESE T AER T BEALHERE 7 vk RS T s g s, P38 CTR
219 4.1%, XEWRERNE) “RIHREUR” BTELRINZ07 X KT 3R1540 40% 1)1
REWS i, IX 70 40IE B T FRATTHR H AE SN2 07 A Rt

432 EFIFEFESHT

FEA/INT, FRA TR a8 HX S T SR 496 P 452 2K o 5011 PO A A TR DR T ALAL HE R T
18, 0 T ISR AE BRI R A WS R R T IO HERE TS A SR EHERA R, B SEA
A 2t RARANAE Y ¥ R H

M TR R AR MEL MBI HIE, B 4-1 45 7B HER AR T
) CTR A2 i 2k, BATRAERE N RS BRAE RN B CGEASVNRD RBLTE
T FATUHEL T LinUCB M PG-loss AT T BEHLIHERE SIS FUARXT CTR, PASEAS/INES
RIPE, 2zl T HARNT CTR £ RN IS, 10~ s

275 1 —— Lin
neura |l -racomm

0 10 » B a
BHiE]
Kl 4-2 M2 5% CTR 22X EE K]
Figure 4-2 The CTR contrast curve of NN based algorithm
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Algorithm 5-1 A two-level method for news recommendation

Algorithm 5-1: A two-level method for news recommendation

0
1
2

3:

4
5
6:
7
8
9

: Input: «

: Initialize Master model and Slave models

cfor t=1,2,3....T, do

Observe the current user feature X, € R%

Feed X, into Master M and choice the picked Slave PS
Feed X; into PS and recommened some particular news a;
Observe the user’s feedback 7

Update M with (X;, PS, 1)

Update PS with (X;, a;, 1¢)

: end for

ZEEX TR BIVTI T, E ST FRAIEIE A 2] Master K517 K48

(317) » Master 7p2Ras =4yt — P abfEd i, BIEREEE —J RSy, 56T
B PP RS PSS N 238 5 1 58— o0 RAS R 5 15 B HERE 45 i FH P (059 Fel 2 AT HE
5, BANATWER B S-CAT A P AL, 052 (O FHERE S A0 P 1 S 5t
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