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Improved Epsilon-greedy Algorithm for Cold-start Problem of New Users
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[ Abstract] When solving the cold-start problem of new users, fixed and invariant Epsilon parameters will slow the
convergence of traditional Epsilon-greedy algorithm. Therefore, an improved Epsilon-greedy algorithm is proposed.
Immune feedback model is used to dynamically adjust the Epsilon parameters so that the algorithm converges quickly.
Monte Carlo simulation is used to validate the proposed algorithm. Results show that this algorithm can effectively
recommend to users when they have little interaction with the recommendation system,and the recommendation effect is
better than the traditional Epsilon-greedy algorithm , Softmax algorithm and UCB algorithm.

[ Key words] recommendation system; cold-start; Epsilon-greedy algorithm; immune feedback model; bandit algorithm
DOI:10.19678/j. issn. 1000-3428. 0048631

Dk bR R R, A B SE A AR e R R

0 ik A4 SR AT D R P T A 0

FEL T T 45 R 5 I ) 3t 578 3 40 TR O 5 7 04
Lk ) A T L R R U R A T B
o MEFRF— AR P 5 Rk ) A8 L SR R
eI P ] BE =R B E KN (DL SRR oY)
i) o MFH B FB RGP, B TR A B
U /5 0l ST 3% R0 0 YT % T R SR b
T 47 A 20 HE 77, 1 0] B8 A Sl o P % ) Bl
[EF

PR Y H R S5 R Bl A A I AR )
w5 E R MIMA LBl TAAERH %
Ja S [a L, N e A AT PR s A i AR R W
HO P KRR .

Y U RRAEE D s RS T
PP BOAT A0 58, 15 P 22 18] 04 R LR B 4
Z (A1 AR AL BE I R AT AR . (H i T8 P A BOE
R RT3, S B R i 58 5 2 0 Lo H
PEATA RO RE o 6T A 2 O 40 7 B v o SR AR BBUT
B W R AE AR A T B W 2 )R A AR
0B e HEATHE RS o ELT P P T B 35 A ] 45 A1 2
P /B AE AT USRI, DRI 0, T P 8 1 o 0 1
X LIRS B RO . IR A T R R T 2 Rl
TEPE A ML &5 6 A ok (AT HEFE {8 52 Br b 45 2R
FEW TR A HE A A TR A RE AR 7 b i BT P e R
oy ] A

ESWE FHRKAARP S 6 ARE IR 3 J7 ENEZ (61300131) 5 b nt i 3@ i H (2014JG48) .
EFE N ERZF (1970—) , Lo, BIECR L, BT o o B a2 08 T gLt s ok o, B0 % o, D BRAT 90 6% (I s R B W, R AT

PN L

I %5 B #5:2017-09-11 f&E B #§:2017-10-28

E-mail : wsq@ ncepu. edu. cn



Faag HILW ERFK LK

15, 55 A XEHT P % SR S R L kgt Epsilon-greedy 83% 173

HHT, AR 22235 X8 H P& a8 sl a8tk 17 17 IR
ABSE B8t T 27 T iz nl B 8k . Hoh B
BT R B ALAE SR, R T P ARG HEAR
AEY) S E P BEAL R B T A 5 P EX
FHERSE RAEE TCIE 2 I P i . SCHR[6-7 48t 5k
T AT I HERE B TE A T b A R 5 24w D
Sf A PR P, A0 5T S8R O B VR A L BE 55 X6 A
U P AT 2 75 20 5 25 5 FH P AR AR B e B — 4t
FHP R i 33 A8 1T 04 O 445 5 o 22 i D P R AT
TEo A PAXT T W A DR S VE AR S B ) A
— 2 W (H IR AN BE AR D 58 4 A AR A 5 B T
PR S, SCERE8 148 th Xt 2 A i 5 B 8
i (e AT 428, 08 TP SO i N R e ) R
D13y 28 T g S U 288 30 R B 19 FH P SR B i 2
XA EAE RGO SR U Py Al B 0E i
9 P 28 BAR DI RE 45 BT i HE R L (HR 2 — 58
ARG B P& R B RGN, X R TEAR
REUI AR . STk 91T P M A D G415
BOAET R P AT HE R (R AR AR IR BOH L P i N D &8
BESEDSP R CdE

DA b 5 b il DRl FH P ¥ I 3l TR) R0 B 1 R = e
CHMAPEREHE AP SHER RG A o — 258 T
Al AT B HERE X SRR AR R P E B
P 5 RS L T ECE S T AR F D 1 E BT ME DL
134 N RO o i Uiz ] 8, AR SO, N
22 fl ( N-armed bandit) """ F1 % % < 5% ( Immune
Feedback) "' #l 45 & iy £ B0, 42 th — b it 9 19
Epsilon-greedy % 1% EGIF Jy i H F2 #E 47 #E %, HF AR
Tt P 19 S 5it B e 8 R SR, DA IR o5 B vk e
Py S

1 NBZEHNEE

— B BIRIA Z DR, B30 5 A HLAT Al fE 3R
FHO AT A, XA R GEREALRY . R B 3
FAT B UHCA R, AR 4 i) 7 22 JE AL _E AR A5 d K Jal
e CBP f5e 22 19 4 T 20, k2 B 18 A9 N 2 R AL
[RS8

T ARAR R K Il A T GE IO 2 R R AR [l i R
B R BT o e AT 51K 7 R 5 B S TR AR [ 110 2%
B 10 %), Geit A PEAT IR [ /Y 4 A2
$o 23R [l 4 B 2 R, DUS — B FE X Az
FFLU 3R AT 5 K a0 4 o LI A SRS A7 7 — BRI
1) (8] 4 AR B 22 R AL AT BEAE 10 Y PR [8] EE [a] 4 6
o B PR B 22 1 40 T 52) WERALAT 2, 40 B D LAT
10 PRS2 B ML 2 T0 BE 22 18 BUAR KA IR 9%

LT, i P N & e ML ALY 33k KRB 3 26

1) o6 S “H & H ik, W Epsilon-greedy' " |
Epoch-greedy " % , 3% J$ 5% 45 Yk LA Epsilon ) # %
FE N B8 pEHL A BEPL L £ — BT, 75 Bt i H

A A 20 g B R RSP0 FF

) FRSBHR”E Y, U1 UCB (Upper Confidence
Bound) """ (EXP4""! 45 350 B 9 B UK B PR B AF b
PR S5 =1 P B AN PLAT o

3) 4 2 U fig & 3, 4 Thompson sampling''”’ % |
XL AT 7 AR AR I BERE p £F 5 beta
G3AT 3 I SIS AN W A beta 430 1 S8, BEIR R R
FIAF 0 X A BLFF LA 1Y beta 4347 77 A —
A BEATLEL , 38 45 B 7 A= 1) B ATL 80 R B9 BB AP AT o

TE 3% 26 fig ke N R 22 1% ML n) (% 5374 o, Epsilon-
greedy F7A 1 UCB B3A7E S bR i AT R IV T
1.1 Epsilon-greedy & %

Epsilon-greedy 2% & — B fif e N & 3 J8 #L [7)
IR ] BB o greedy TRV RO 1 R AE 2 HI N 2 A
LN e i W9 B /. Epsilon-greedy 8 3% Al greedy
BEAR WAL, B — RSB R A S E , 1o AT fE
“ERE” H AW AT AT B/, Epsilon-greedy 57 12 4 1K
LA Epsilon fHE2E 25 “ 4R R (16 I A BT o B AL E £
—ANHIAF) , LA 1 - Epsilon i3 L A" (EHEZ
H PR 20 14 3 RSB0 AT ) o

1t Epsilon-greedy 53t , L 88 5 8 1Y 7] 202
ful i % Epsilon i {H . 4044 Epsilon i {H 5K, &34
TR AL A 3% R 05 I PR Bk iy Wi 8 (AR TE A
REARAF A I SRR B R, S B R B =
A& Epsilon f{E 4 /]y, B0 7Y (14 £ P 38 4, (H & {55
2 0 S SRR B R AR
1.2 UCB &%

UCB B EfE 5k £ B A5 LR J () S R
() HHEAKX T

7(1) = argmax (u, +2 [20) (1)

w8 (2)
o, oA S B W8 31 7 2 BT AL AR [l 4 T Y A
c(g) MRl M AH, (1) Aozl g, n
tEE RN A AR IR A

UCB Bds “ R M R 2 A a4 )
— A, BB B8 LR sl OB D I R A T 2
ZR ML
1.3 NBZERENEAEEFEEZFHNA

N & & R AL B) A AL — A [A] I B 24> 2 R AL
B B B W A T Tl STk [ 20 ] T N AR Y
N B 2 jE ML A 4 i LinRel 5595, SCHR[21 ] 42 3
LinUCB 8.7, 8t iff T LinRel H LI T AR
N 2 1 MLASE B A [ SCAS 4 75 vh X P s ot ik A7
AL, N 2 R MU N T o N
EIRMLBLAE B OB ZEHETE A P B9 i, 8 hr
SHLFF R SR E R 45 T P AT 4R B R AT R E
2 Jah 72 SCR P S T o HHERE R o




174 7 R - N | TR D

2018 4 11 H 15 H

£ P HERE ) dh I, B3 UK P HEAE — W
JE W FH P XS B il R PR 23 o AR R T PR O
PesE T — SR IZHMESE W) o IR, FT LA AR 2 4 77 T
JUZ RV B BP0, AT AR BILE £ — A B i 4
FHMP  HTE ORI JGERRNRR .

N & FE AL L BE 6% MR 4 T 7 14 7 2 S 15 o
P AT & B HE RS, [F) I il 128 R LRSS B Hp A7 A
9 BRER " HBIY BB HR T A 4 SR R

2 BEREBRE

Ta i 72 40 02 N R HE sl 9 Br 38 A 10 B A &R
Gt , 2 B VF 2 AT SR DI RE I S A L G5 AN i
RN THARME R AEN RS . RE R
TR 2 B A5 W 0 D T R A0 A A5 B0 T F Y
RE. FERIEERG T, A — B G KL R B 58
B2 TAE 55 1) X B BT S DR S 7 52 ) i S e R
B PR T8 B AR A

G B SCBRAIL I A R BR AN R 1 TR, MR B B
Y RES N THIMEF B 40 2 Fh, T 4iEM) £ &
Dihe e e AR PT R, B 40 i i 32 B T fig & 7 4k
LRy, PR AR IURE . HHE Y R
(AP 5 ) AR ARG, 2 ] B o) 38 B T 20 it /0
PO T g, — 7L B T AN RES U BY B 40
FEABUR A Killer T 40 i i) 25 525 55 — D i, 90 4
T 2 Moo 230 B 4 B ™ A= Pk, 70 Killer T 21 g
M9 A o 38 3 S R e A B T 40 A ] T 20
Z (B AR AR A G0 5 2R 8 S A Ak AE TR AT
TRE) S A b o 3R Bl 457 i 45 T 0 R S RE 8
XF AR T B AN P B2 R, I L BE (90 % R e i
T IR B P

B1 S%EREVEEE

WF TN D S f i S it SEUAEL DR ook o 28 IR 2% 5
VIS SR B Y L AR SR B g I S R O T
Epsilon-greedy 2 %, {#i Epsilon-greedy 2 % fE 1% 0
PRSI, AT B8 47 3th Sy F P AT 47

DT 4 X B2 A R E SR

The]p(k) =K, e(k) (3)
He K, o T AT B 40 i i Rl B RR B, e (k) hy
55k AUB 4 B .

P T 4 H T B4 i 30 ) S

T, (k) =K, { Ty, (k=d) Ty, (k=d 1) }*&(k)
(4)
Hp K, M S, d S8, LS d R,
T (k=d) R Ty (k —d = 1) 5351 K% k - d fUFI
5 k-d-14C Killer T 4% = .
Killer T 4 Jfd 45 52 31| i) S R1ECH
TKiller(k> :Thelp(k> _Tsup(k> (5)
UL Areward 1€ S}t )5, Epsilon-greedy 2 3k
() Epsilon AR N, MG I LR
Epsilon(k) =K,[1 -y Epsilon(k -d) -
Epsilon(k—d -1)}*] Areward
(6)
Hrh K, = K,y =K,/K, . Z8 K, #EHl 5% R0
PUE Y S R BE, 280y G R g i AR A T
Epsilon (k) 2 55 k YR P #E 757 I Epsilon (1)1,
reward 1] VR HERE D) b B B AR, HOOF R S %
A (7)o
reward (k) :reczil;fje(nk;(k) (7
Hor click(k) 2 2 0 &S5 2, recommended (k) 3%
F P HEFE D) 1 B Areward (TR (8) o
Areward = reward(k) — reward(k —d) (8)

3 EGIF &%

A SCHE ) EGIF 58 16 Epsilon-greedy 53 1%
A I 5t B R A 45 5, DA AR U R T P Y% A 3l
[A] 5

H P HERE B N AP E SO N 2 R L
1) N ASPLFF, B P #E AT A S T — IR L 3
ZIRMALFF M BIE, R e P & & s 7 AT
HEFE 090 oA 24 T P AE R B e — S R AT i 2 A5 4R
57 % il

Epsilon-greedy 2 ¥ L) Epsilon # #f 2 £ Bfi H1
SRR PSR L, Ot o TP e A, DA T -
Epsilon [JHEA LRI O 4% K7 209 H P 4ok
J P AT W . R B2 %) Epsilon-greedy 53 i (1)
Epsilon 2 % {1 J& [& & A28 (1, W2 Epsilon HUE %
AN R [R] NANZE 5 IR R T B P T A 2%
R, ORI W SIGH BE AR Bl B ) HE RS TR
SRRV RS BEDAR KB MR LA E
SRR BN 2RO AT HEAE DA A 8 AT
MR ROR . 4R Epsilon BUE K, AR ERE S
TR WSS, AR A I ] PR BT R % R L H
RAECRR T B 2R 5 A IR DR R AR K i A8 4 25
AR MARBIEC LR 2 W H P X%y
Het? X 2 S BRI METEROR B 25 . AN [A) Epsilon
1B A 4 1 R 2 I 2 R .



Faag HILW ERFK LK

1, 55 A XEHT P S8 S IRl ALY i gt Epsilon-greedy 53% 175

0.9
0.8
0.7
3
B
= 0.6
=
B 0.5 =—a Epsilon=0.1
— Epsilon=0.3
+— Epsilon=0.5
0.4 — Epsilon=0.7
~— Epsilon=0.9
043 1 1 1 1 |
0 20 40 60 80 100

IR} [H)/s
& 2 A[E Epsilon {& ) T34 B &

TESBE R R G, IR AR IUAR G e ST
F8 RIS A e B T B T A R Y
Z U I B B 04 5 A T A B R T D
i B R GEOR T A o AR SR A 5 S A58 4 7R Ok 3y
A VH % Epsilon 2 B9 i, 1 5305 BE REAR PR lle 8%, X
AESE AR SF O A0OR o R (6) 76 T P MITiE A
ZGEm, Epsilon #Y{H 2 Ml Th i, PUS PR R R H
P e . BEE TS AL LR BN £,
Epsilon ff {E 23 U FEAIC, LA S 4r s AT 2 “ IR
BB P i e AT HEF . AR SC BGIF 57 3% HAR i ik
W
. begin
- B AR AR AT B T4 23 A S P B AL AR 72 )
.k=0
. while true do
. begin
Af PR T HER YR then
LR [ 1
.else 1z 1] O
CATSRAERE Y R PR A R W B R
ARYEA(7) 75 reward (k)
MR (8) T Areward
- AR (6) 1153 Epsilon
10 B 1 Z ] ) BEHL KL
. if r > Epsilon then
- BEALAHETE W) ot
- else JfEF mi i W 2 (9 1) b
- SR RLAT Y [l 4 A

k+ +

O 00 N N R W N =

— = e e m e e e e
O 0 N N R WD = O

.end

20. end
4 RBERBH

EGIF Y3k i 2 5 43 7 1 5 64 5244 47 40 1
FHUEY 3K R A SR AT O AR T R B

B B T A 2 B R T BT . B
BB B AT MR R 3 B

S %)

PR

B3 HEHESEZTABNXER

PRt EGIF 553 & — F e 2 550 s, 3305 m ik
T SR B RGP AR T S ok R AT H O AE
FLSE A G0 v AT W0 i RURE AR R Oy i e 3 — 1)
J, A SOR FAZE RS R BB 35 AT IR %
T RE A i 14t S IR ) A5 400 K54l 18 5 v 40 A, DT X B
BT PRI

7R 3B 5L 56 #1455 K < Intel Core i5 CPU,2.7 GHz
EH, Windows 7 #:4E R 4,4 GB NAF, Hi il &5 0
Python, 7L rf, N & J8 AL 19 5L 4T Dy 41 35 F) it
FEL LRSS AN [E] B R, B A B A IR (8] % Jil 1)
W53 50 4 0.1.,0.2.0.3.0.5.0.9, 5253tk 17
5 000 “~epoch 4Ll £ 4> epoch Il 5 41 5l 500 KX
PLAF, 18 & B A B AF A& W] A reward fH LA K &S
reward {H ,

¥ EGIF 5k 0 THER R a0, S P S ik
HERE B Ry p O i FETEHERE A9 W i 1Y
BERR 1 - po BEARLAF Y R F2 A A HE 910 4, i
FE 1Ry AR 0.1, ARSI HLFF 10 W, 25—k
IR AT A 2D Ry 1, AR IR A 22 Dl Sy 0, [l 43
PN S Z G0 T O B A0 O 0 D e R

TESL g v, % EGIF 82 0 47 I I 3% (8] — A4~
A R AR, AU A ORI B e 5 RS
LA DA R R AR — A ) R R B ol T A O
LR AR 5 Bt AL A5 A B, 592 30 295 R 1 M A AR K, PR O
Sk AT 2 B . EGIF 52 3k Fl [# & Epsilon )
Epsilon-greedy % i 1) 7 34 22 Jily 5 A5 52 5 25 2R 4o
& 4 it~ , Hidr, Epsilon-greedy %1% 1Y) Epsilon # %
BUE A E 0.1.,0.3.0.5.0.7 f10.9, MK 4 0]
DEH AP S5 R5%3H Y5 AT, EGIF 83k 1
B e Z&@H T E e Epsilon [ Epsilon-greedy
vk, R W] EGIF 55125 RE % 75 % L 00 B[] P $R.38) F -
WA AT, R P AT A AR . N 4 iR REFE
LIS LERR S 1) If 18] N EGIF 533% BE 6% 48 31 1T P /Y
Pt , 7 DL s B A 0 i) [A] B, EGIF 55k BB 6 4t 7 71
0. 8519 3 2 % Jily , 1 [& % Epsilon [ Epsilon-greedy
FIETES P A8 H 100 WO L REIR E) 0. 8 153
W, 2% b, 5 [ & Epsilon f{) Epsilon-greedy &
AH LG, EGIF 53 1 A A BE 58 4 b A ok T 7 42 I 3
") &1, 17 H BB 4% 7E B 1 B 1 P 4k R AR 0 4 7
BOR



176 it B/l

T 7% 2018 4 11 H 15 H

== Epsilon-greedy#%.y%:, Epsilon=0.1
— Epsilon-greedy#4.y%:, Epsilon=0.3
+— Epsilon-greedy#%.y%, Epsilon=0.5
— Epsilon-greedy4%3%:, Epsilon=0.7
~— Epsilon-greedy##y%;, Epsilon=0.9
o EGIF{L:

1 1 1 1

1
0 20 40 60 80 100
it /s

B4 2FEEFHEMELER

5 K 6 B4y i)l EGIF 533 fil i %€ Epsilon
ft) Epsilon-greedy 57 ¥ % 2 il & F1 DL K i 45 3] fi 4
PLAF I E R 25 2R . NI S (&1 6 W LLE i, AR X T [
7€ Epsilon f{ Epsilon-greedy 21, A< 3 EGIF & ¥ 1
AEEEAL -

=—a Epsilon-greedy 4%y, Epsilon=0.1
— Epsilon-greedy 4%y, Epsilon=0.3
80 -| ~— Epsilon-greedy$£3%, Epsilon=0.5

~— Epsilon-greedy##.y%, Epsilon=0.7
|| == Epsilon-greedyi%:, Epsilon=0.9
70 M| EGIFH%
60
\ﬁ’ 50 |
o L
= 40
%K 30 -
20 |
10 |
1 1 1 1 1
0 20 40 60 80 100

i /s
ES5 2MEXRERRAFMEEE

0.9
0.8
N 0.7+
E 0.6 F
i%! 0.5 F
204l
E =—sEpsilon-greedy 4733, Epsilon=0.1
?S.ﬂ*: 0.3 —Epsilon-greedy 4733, Epsilon=0.3
& 02 ~—Epsilon-greedy#7.3%:, Epsilon=0.5
e —Epsilon-greedy##y4:, Epsilon=0.7
0.1 »—prsilon-greedyiiiﬁ, Epsilon=0.9
+—EGIF3.3:
00 1 1 J
0 20 40 60 80 100
I} /s

6 2HMEREFINRTFRTHMELE

EGIF 5. 75 F ¥ % il #8 b5 b5 Softmax 532 |
Annelealing & ¥ L & UCB B LR W E 7 ir
No MWL T AT LLE Y, EGIF BIEE I P 5 25
HYHT 20 R, EORCE B (A B ik gl {H %
{HJLF — H 5 T Softmax % 3% Fil Anneleanling
1,1 UCB 53 P gyl B4, ~F- 24 28 Jah 25 2R AR A2

%E o EGIF Rk A8 K il J5 11 2 DL — 5E (19 9
2y, e P O B B S At A TR 2 AR Ol R0 1 4 2 Dl 1 A2
e 25 Hu ik %% Epsilon 2 %id {6, DL 5k RE 5 BR
UL

A-B-O-—-6

04 +
—#A— Annelealing$7.3%:
—o— Softmax 4.3k

02F — EGIF3:
-o- UCB#%

00 1 1 1 J

0 5 10 15 20
I /s

7 AMEEFHREI L

8 .18 9 FF 7w 43 7 iy EGIF 55 | Softmax 53
% Annelealing 23 D)}z UCB 25 1 78 % Jiily i 145 b
FNTEBE B A7 PLAT R A8 AR iy LR 4 S . KL 8,
B9 mlLLA H EGIF Sk 7E X 2 AN 485 b 19 R AR
X Lk .

Br —&— Annelealing#i.33:
—&— Softmaxd4.y:
20 b | = EGIF§%
-o- UCB#%

Z15F
i
=
Kot

5 -

0 5 10 15 20

IR [H)/s
8 AMEFERZBBMITLL
1.0
—A— Annelealing#3:
—©— Softmax 4k

s 08 — EGIF{3:
§ -o- UCBHLi%:
E--1
=
ia
=
&
&
s
R

i 8 /s

9 ATMEREFIRFHRATRIBEI L



a4 LW ERFLK OWEE WS BEH R R R s Y ik Epsilon-greedy Fpk 177

5 HRE

A 3K Epsilon-greedy 57 i il 4 2 S i A 4 A
SE4 PR — PR OB F P ¥ ) 2 nl B EGIF 55
%o 1EfE5 1) Epsilon-greedy ¥k rp H T fo 952 I 15t
BRI Bl 5 % Epsilon Y 2 %%, DL AR k15 5
Epsilon-greedy 5 7 AN 8 P 3 WG S m) 8, 52 56 45
W EGIF 5595 BB 45 76 57 iF A Z G e i 7 4%
S0P O 5, kB FH P AT A 0 MR R . FE R 2
N % e ML B 1 22 5535 b, B Epsilon-greedy %3
BAh A E i A RER T R R R, AR 3L
XX} Epsilon-greedy i il 42 5 S 15 A58 8 AH 285 4 df
FTTHEIE . N — 2575 OB G e S it B ) 5 L Ath 35 0%
FHEE A DhilE— 25 3 A SCHEFE B TR I g o

S & 3k

[1] LIUC,WANG Y. Analysis on the cold-start problem in
recommendation system [ J |. Telecommunications Network
Technology,2017 (1) :56-76.

[2] WEIJ,HE J,CHEN K, et al. Collaborative filtering and
deep learning based recommendation system for cold
start items[ J]. Expert Systems with Applications,2017,
69.29-39.

(3] WWE, M 5,285 hEEEFHARLGRT].
BN 5 AN LA BE ,2014,27(8) :720-734.

(4] F . 9/DF AT NSNS REES
ST [T]. BN A BFSE ,2011,28(4) :1248-1250.

[5] EE&E XNV A AR RELRT] HHEHL
25N T ,2012,48(7) :66-76.

[6] ZHUR,WANG H M, FENG D W. Trustworthy services
selection based on preference recommendation [ J ]. Journal
of Software,2011,22(5) :852-864.

(7] 2 %% & — Mo F s Re% )8 g
MR AEELT]. DR R E MR (L) ,2012,42(2)
11-17.

[ 8] MASSA P, AVESANI P. Trust-aware recommender
systems [ C ]//Proceedings of ACM Conference on
Recommender Systems. New York, USA: ACM Press,
2007 :17-24.

[9] MIDDLETON S E,SHADBOLT N R,DE ROURE D C.
Ontological user profiling in recommender systems [ J].
ACM Transactions on Information Systems,2004,22(1)
54-88.

[10] ZHANG X,NAKHAIM R,WAN N S F W A. A multi-
armed bandit approach to distributed robust beamforming
in multicell networks [ C ]//Proceedings of 2016 IEEE
Global Communications Conference. Washington D. C. ,
USA . IEEE Press,2016:1-6.

[11] TAKAHASHI K,YAMADA T. Application of an immune
feedback mechanism to control systems [ J ]. JSME
International Journal ,1998 ,41(2) :184-191.

[12] BERRY D A, FRISTEDT B. Bandit problems: sequential

[13]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

allocation of experiments [ M ]. Berlin, Germany : Springer,
1985.
HILLS T T. Trade-off between exploration and
exploitation [ M ]//TODD K, SHACKELFOR D,
VIVIANA A. Encyclopedia of evolutionary psycholo-
gical science. Berlin, Germany ; Springer,2017.
LANGFORD J,ZHANG T. The epoch-greedy algorithm for
contextual multi-armed bandits [ EB/OL ]. [ 2017-09-01 ].
http://courses. cms. caltech. edu/cs101. 2/slides/cs101. 2-
05-contextual-bandits. pdf.
AUER P, ORTNER R. UCB revisited: improved regret
bounds for the stochastic multi-armed bandit problem[J].
Periodica Mathematica Hungarica,2010,61(1) :55-65.
AUER P, CESA-BIANCHI N, FREUND Y, et al. The
nonstochastic multiarmed bandit problem [ J ]. SIAM
Journal on Computing,2002,32(1) .48-77.
CHAPELLE O, LI L. An empirical evaluation of
thompson sampling [ C ]//Proceedings of International
Conference on Neural Information Processing Systems.
[ S.1. ] :Curran Associates Inc. ,2011;2249-2257.
BERRY D A, FRISTEDT B. Bandit problems [ J ].
Monographs on Statistics and Applied Probability, 1985,
25(10) :1585-1594.
ANANTHARAM V, VARAIYA P, WALRAND 1.
Asymptotically efficient allocation rules for the
multiarmed bandit problem with multiple plays-part 1I.;
Markovian rewards[ J|. IEEE Transactions on Automatic
Control ,1987,32(11) :977-982.
AUER P. Using confidence bounds for exploitation-
exploration trade-offs [ J ]. Journal of Machine Learning
Research,2002,3(3) :397-422.
LI L,CHU W ,LANGFORD J,et al. A contextual-bandit
approach to personalized news article recommenda-
tion[ C]// Proceedings of International Conference on
World Wide Web. New York, USA:ACM Press, 2010
661-670.
MCNEE S M,RIEDL J,KONSTAN J A. Being accurate
is not enough; how accuracy metrics have hurt
recommender systems [ C ]//Proceedings of 2006
Conference on Human Factors in Computing Systems.
New York,USA :ACM Press,2006:1097-1101.
KAWAFUKU M, SASAKI M, TAKAHASHI K. Adaptive
learning method of neural network controller using an
immune feedback law [ C]//Proceedings of IEEE/ASME
International ~ Conference on  Advanced Intelligent
Mechatronics. Washington D. C. ,USA.IEEE Press, 1999 .
641-646.
SASAKI M, KAWAFUKU M, TAKAHASHI K. An
immune feedback mechanism based adaptive learning of
neural network controller [ C ]//Proceedings of Interna-
tional Conference on Neural Information Processing.
Washington D. C. ,USAIEEE Press,1999.502-507.
MACKAY D J C.Introduction to Monte Carlo methods[ C]//
Proceedings of NATO Advanced Study Institute on Learning in
Graphical Models. Norwell ,USA ;Kluwer Academic Publishers,
1998 :175-204.

M RuIF



