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Abstract: The role of recommendation has two aspects: 1) accurate provision of information requested by
users, and 2) diversity of information provided. Research on conventional recommendation methods often
focus on the accuracy of the information provided, and research on diversity remains a problem. In this study,
we propose an evaluation method of recommendation method that considers both accuracy and diversity. We
show the importance of the proposed evaluation method by evaluating the existing recommendation methods’
performance on the Cold-Start problem. Specifically, “With the existing recommendation method, it is rela-
tively easy to achieve the accuracy of recommending the Cold-Start problem to new users. However, it is not
easy to achieve the diversity of information provided to frequently used users. The features of the proposed
evaluation method are the following: (1) Divide users and items into [new (new), tail (low frequency), head
(high frequency)] according to the frequency in the historical data. Compare the recommendation accuracy
for the future. (2) Compare the diversity of displayed items.
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Table 1 Related studies of offline evaluation methods and the position of this study.
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# 2 User-Item Matrix O]
Table 2 An example of User-Item Matrix.

itemO | iteml | item2 | item3
user0 3.0 null null null
userl null null null null
user2 null 5.0 null 2.5
user3 null null null null
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Fig. 1 Overview of display accuracy evaluation.
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Table 3 Classification of recommender systems.
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o LY a—2a7WAMEDSZIFEESE L, Thk

FLUEOABIT > TNVET T LERT .
o IRTHDLEL—RATEIEHEL, TNERLED
BBy TN E T T NERT 5.

g OABY > 7 v IOIERIO T — 5 OfEHENE, HhE
B F— 2 BEEHETLFETH L. EBSITHGEE L 7288,
FEEE RN AT b 55700 o 72148 % T4k O EBFFRE AT RLH L 72,

4.5 RBEFMEOER

head, tail, new D7 A4 74 ID T &2, KEEfREL LT
Topl0 LI A Y R A ND recall %3 5 [I/RT.

FD recall 13 1,000 HOT A T LHFNE 1 DODOIEMz
Topl0 VA MIEDLMERTH L. WIZT ¥ & LIHEE L
72358, recall 1£0.01 125728, ZiLd Y b 1451C
REVEEICHER GHEES SN L w2 5.

T XU FERIE, 23—, head, tail, new DL —
P L CTOIm D FPIFEsE o7z ()., T2, 7~
F U VFERTI, =D head, tail, new &#F=T— &A%
D3 ESEEREEE AT LTz, — #1912 Cold-Start
METIE, BET— 3w EHEEREES TS 5 &
ENTVEY, FUyF UV FERTEBIZBLL o> Tnh,
FEREDM@EMIE, MF & DFM :CTHHRTE 5. — T
TA T HIZDOWTIE head, tail, new IR 5 I ERELB
B REALT AMHAD TR T, M5 O Cold-Start [HRED
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R4 FHEICHCFORFLEORERFERK L L

Table 4 Configuration and implementation of the display methods used in the evaluation.

KRFiE BT/ INAIN—INT X =2 REHE Al DEEE S — 4 DEAEVE
Sr¥rT #3530 HETLE2—#H»%nw7r A7 MEICEE  O(I)) ||
2z BN .
Item-Based U 50, BMUERBUT A B ik 23] @ O(JI| x 1)) |7 x ||
LRI % FEz
User-Based P 50, FOEMBUI A 8 ek 23] @ O(JU| x |U) |7 x ||
LEE L. Fz
Content- RIBIEDOHHSEICH W% Content-Based  MHAICER  O(|I| x [I|)+O(|U| x |I)+ |U| x |U|
Boosted CF 135X (5) PR, e SNz e 5 o(|U] x |U])
§ % User-Based OiEFE#1d 50. HBLEHEa YTy R—2AE
T DH
%5 2 JHIL User-Item Matrxi
DRIEETE
5 3 BT SER A & User-
Based TH#
MF AR %03 200, epoch ¥4 20, % CHK [23] @ O(epoch x |R|) factor x (|[U|+]1])
#HEIE0.005, L2 IEHMLREIE 0.02 ES il
MF (with BRI %03 200, epoch ¥4l 20, & MHEAICHERE  O(epoch x |R|) factor x (|[U|+1])
genres) HE(L 0.005, L2 IEHMLARENZ 0.02
TWA 7 7 A% 50, £ EM 7V X MEICHERE O(step x U] x |A| x |Z])+ |Z] x (JU| x |A| +
LDEMHEA T v THUZ 200. O(step x |I| x |A] x |Z]) |U| + |A]) + |Z] x
B TEBHOEM 70 ([I]x|A|+]]+]A])
T A A
% 2 HId 2 R H O EM 7V
) AL
DFM IR T#0U3 8, epcoh 14 30, fm & JCHK [24] @ O(epoch x |R|) factor x (|U|+11|)
& deep @& . deep JEIX [32,32] ©»  FEEAFIH
2 J& T 50%® dropout. 3 #FILFH
fH 0.001 ® Adam 7 )V T1) & T,
DFM (with BTER T #0038, epcoh #1330, fm /@ CHK [24] @ O(epoch x |R|) factorx (|U|+|I]+
genres) & deep B, deep 13 [32,32] »  FEEAFIH |Al)

2 & T 50%? dropout. - # (X FHH
i 0.001 ® Adam 7V TV L TH#.

|U| &x—9%, |I| &7 47245, |R| ZEESh7ZLEa—%, |A| 135 Additional Data DZEHOH, |Z] & TWA SV AHE2 7 ADHK,

epoch & step (LD
THBEICFERE L.

fHIADSHFERR T & 72, ZAUIHER D Cold-Start FIFED EF &
R LERTHD. 2F), BEL Y 2—DF— % Tl
I —HHNZIE Cold-Start MEIZIEAEE T, Bk T >+ >
FEIRTEHVIEENERTETWS, ZOERNE LTI
WE T 7)) r—32 3 Y TRRA LT —TH DI Eha—
W@ﬁ@ IHEBREZTWAIENEILND.

JgFB A L7 DEMEIZL I XA v F—32 a v Fik
®$f& THICE VR L o TWwh. £ 5 25 DFM
X7 X0 7LD LBWKBETH 575, tail, new 714 7
LOWEHEREN O THLZEIIRLETHALZ ENGH5H
T/, Bk THE)ICDFM DL T &2 7 L3
IZFECKEICH S (R 6). WELELHEEIPTNEZ L
M5, DEM NI v & v 7 ez k) 2iEE* LTwb
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SR LA ZAT ) L, factor BEERT-OMTH 5.

A EN TV BEY) 2 FHD 2o 725818, ZOTHEORERLONE -

ZEDVBEENG, FOENE LT, KFFMiTIE DFM #
REGT TN THER LI B, EFE LTS
CFEBREINBENGT AT LOREEZMZT I EVER
55, 72, Additional Data & FH\W 72358 D tail, new
DT AT L ID TOWREZ ATE L TW72ds, ORI
[T 0% THERE L TV 7w,

MF b DFM 3 & AP 2 Ez S <, = b
0 Y — b B S WO ERTRERE SRR T A 7 L1250
LTwhEwz b, 727201, Additional Data % F\ 7235
AT tail, new DT A T A EHEET HHEEIL 0% TH 5.

TWA 1% Additional Data %\, new D7 1 7 2 O
BETHWEE L 572, head, tail DL — 247 5% new
DT AT LeWHET HIEIILEETHS 001 Lh b+
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£ 5 Topld LI X N1 A IO Recall
Table 5 Recall of the Top 10 recommendation list.

[4z2—+] 7 A T LG

FEhTT) MHS27—% Fikis all head tail new
JORE RN only Ul-matrix Frx2T 0.307 0.396 0.000 0.000
Memory-Based  only Ul-matrix Item-Based 0.010  0.010  0.010  (0.008)
User-Based 0.010  0.010  0.011  (0.008)
with Additional-data  Content-Boosted CF 0.025 0.029 0.011 0.008
Model-Based only Ul-matrix MF 0.236 0.303 0.012 0.000
with Additional-data ~MF (with genres) 0.230 0.294 0.014 0.000
TWA 0.012 0.012 0.011 0.013
PRI A E S only Ul-matrix DFM 0.250  0.322  0.000 (0.000)

with Additional-data DFM (with genres) 0.243 0.313 0.000 0.000

HHORTEROBEPEHCTEEZRL, () 2SORBERZOFEPTFUTE vt s 2 0 TEEYEL tmt*’%ﬂém WLTwbZExET.
AIEBDOT A 7 24 1D 1,000 525 1 DIEMEE topl0 U A MIEDBIEELDT, 7V F LFRD recall 1£0.01 1275 5.

[head 2-—] T AT LR

xF BRI only Ul-matrix FUXVT 0.155 0.242  0.000 0.000
Memory-Based  only Ul-matrix Item-Based 0.003  0.000  0.009 (0.000)
User-Based 0.004  0.000 0.013 (0.000)

with Additional-data  Content-Boosted CF 0.122 0.185 0.014 0.000

Model-Based only Ul-matrix MF 0.090 0.136 0.015 0.000
with Additional-data ~MF (with genres) 0.088 0.132 0.016 0.000

TWA 0.024  0.022 0.027 0.026

wEEICH only Ul-matrix DFM 0.128  0.200  0.000  (0.000)

with Additional-data DFM (with genres) 0.130 0.203 0.000 0.000

head L —H ID OBHE S BRI LRKEEILT & 0 FERRMPR D B\, tail/new 74 7 206, 7% v 7#RIEHIC/AZ72F, Memory-
based/Model-base DFEAT R\,

[tail 2.—F] T A T LA

xF BRI only Ul-matrix Y 0.199 0.316  0.000 0.000
Memory-Based  only Ul-matrix Ttem-Based 0.010  0.009  0.015 (0.003)
User-Based 0.014  0.012 0.021 (0.000)

with Additional-data  Content-Boosted CF 0.149 0.228 0.019 0.000

Model-Based only Ul-matrix MF 0.121 0.184 0.018 0.000
with Additional-data MF (with genres) 0.118  0.178  0.020 0.000

TWA 0.017 0.017 0.017 0.023

IS SR only UL-matrix DFM 0197 0.313  0.001  (0.000)

with Additional-data DFM (with genres) 0.192 0.305 0.001 0.000

tail DL —F 1D OHHd, FEEET v F v 7V ERP R D B\,

[new 2—+] T A T LFER)

xR only Ul-matrix SrvxT 0.323  0.407 0.000 0.000
Memory-Based  only Ul-matrix Item-Based (0.010)  (0.010) (0.010) (0.011)
User-Based (0.010) (0.010) (0.010) (0.011)

with Additional-data ~ Content-Boosted CF  (0.010)  (0.010)  (0.010)  (0.011)

Model-Based only Ul-matrix MF 0.252 0.317 0.011 (0.000)
with Additional-data MF (with genres) 0.246 0.308  0.013 0.000

TWA (0.011)  (0.012) (0.010)  (0.009)

IS only Ul-matrix DFM 0.260 0.327 0.000  (0.000)
with Additional-data DFM (with genres) 0.252 0.317 0.000 0.000

L= ID ARFEED new %D TFHAE Nw‘xym%w:ré. new OL—H ID OFES, SEMLHEIET > % 2 7FRD RS R,
L—HOMBN & S FREFHIEHIET > % 2 7TV ERZRL TV S
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&6 N =10 2B 2 LHMEOFHR S
Table 6 Results of diversity evaluation for N = 10.

FEAT T MHST57—% T ENTROPY
JOR e RN only Ul-matrix A 8.337
FoEIT 2.303

Memory-Based  only Ul-matrix Item-Based 5.099
User-Based 4.485

with Additional-data  Content-Boosted CF 2.841

Model-Based only Ul-matrix MF 4.395
with Additional-data MF (with genres) 4.394

TWA 3.635

Rt only Ul-matrix DFM 2.675
with Additional-data DFM (with genres) 2.533

FOEROSRMEE LY PO —CHE L., 7Y FLFRPRORELMELY, EOL—FIIHFALETAT L) A NERENT LT o F 27

FRDVTARME E o7z, KL A A Y FRFERZOPOMEICME L TS

TICRE L, BREL TW A, AR TlE, Additional Data
&L THERA AL AR B 2 v 2OV 720 & w72 2 & ek
o5&, TWA BRERLOFREBY new D7 A 7 L%

NCERNGFETH L.

Content-Boosted CF #:1%, I —#7%% head & 5\ 3 tail
THiuE, 7% Z7UNOFEOHF TR D @ Tkig s
%Y, COFEORTEHILICL D [BHIZHECNEE?H 5 |
L) FIRDPHERTE 2. — /T, ROBORIATH 2
tail x tail TlZf&iR3 5 User-Based, Item-Based @ )5
BEIEE .

Item-Based & User-Based &, (3& A EDIRWIIZBWT
7Y FHERKED 0.01 REOHETH Y, ZOHHEIIHE
FELTWZw, L2 L, tail x tail @R T, User-Based
PREDWE L holz. 2%, 2L T4 7LD
BYAF =G ETRERWEREEZBET 2EMICH L vz
5. ZOJEKIX User-Based DHEEET NV OHEIZ L B B
DIZEEZHNDL. 7ot 213, taill T4 T LA DK ELE tail
I-FDPHETHET D, ZOL) R —FIIHEHNEL
Vo —JEELZFL, User-Based I3 Z & F T2 12— %
BT 5729, tail x tail DR TEA LHEELITZ 5 &
EZbN5.

4.6 ZHEMEOFHEAER

30 HMOF— % %2%H L, 74 LT L7 1,000 A
@1~ﬁHDuowf®ﬂmmUXF®lVFDE~%ﬁ
BLEREZHKL: (£6). BRTEH LD, 7054
TRV BEL 83T &b, FO—FHT, 0¥ 7%k
IRCIENGT AT LB TNTOEREREMET L7020,
RAED 2.303 & %> 7.

WLT, KL axy FFEFEOZ Y FO ¥ —1E, 2.533
5 5.09 OMICIESDWTEY, T vF y 7FRIZHERT
FRBEZ DR SE TV, Z0ZEHRS, Laxy P
BT Y ® 7 X0 SFIRBEDS 5705, SHEIIENS
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LWz A, 2L, Laxy FREORTHHEBKEE ICHE
A DFM & Content-Boosted D> s 1 ¥ —dfioo L 2
A Y FFHFEICHRTH R D K- 7.

5. &

BEAF OFFETld Cold-Start FIEIL T — ¥ D472 —F
ETATLADOHBERELERINL TS, LaL, KiTFE
DTG RS, MW7 7Y r— 3 3 Y I2BWTIE [new
L= FNOHEEIHBEOBE NP IZTLLAFESLTHD,
head L — 13 EHEREDSREEIC % 2 | &) Hr 7z 2 T A5
BENT. —HT, TATLIZE L TIEHERD Cold-Start
RIREE Y 12, new (272 513 EHERE ASN (2 7 2 ]2

EBAERTIE T v F v FEROEG A I — W75, head,
tail, new & T =¥V R R BHIEERRIEEILE L
TWwh, ZOEKNE LT, new DL—HI2E > T, Hi 30
HEOANGT AT LTHS THRMOTATLTHY, F
PHENHTH A RENE W EDHIEEZ NS, —
J7C, head DL =2 > TART A T 2IE T TIZEEMT
HY, HHFWICZOBIEITHEL L2505, BLEO
T =4 % 7% { OEFAAFE Tld 2 — 1l o Cold-Start
MEZFHM L TWBEY, ThEE LARY iR 7 2~
NCHY, REMIZEELRDIZT A 7 LD Cold-Start [
BMTHDHI L%, RET LM AEICL > THRFETE .

Z D & 9 7% Cold-Start FIEOH 7= AT 1L, WL, 2288,
$Qk®77U7 voa T AR ”EL?%&%K%

b, —HT, 22— ARLERERED Y AT AT,
%ﬁ?%%A@M%ﬁﬁ”ﬁ%ﬁ%%tb Cold-Start [

O FE 78S 2MEAFEREINDS., ZN5OBGEEIZDOWT
X, KWgECldBEY R T -9 2 ATFTE o270, 4
BOFEE L7,
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6.

TEH

ARFZE T, HEME LSO ZR L/ ax
YFE—=varDF 7 IA VEM T E R IREE L 7.

RET 5

M ORI TR 2 D TH 5.
o I—HFLTATLEIBET—5 TOHEDS new (i

Bl), tail (RHBHEE), head (EHEL)] I290F, KK
A9 L HEERE & L L,

o ERHERETAT LI LI T AES: (ZH)

BT 5.

MovieLens OBLE L ¥ 2 — 10 75— & |2 A SR % 85

L7248, Mo Z EASHBHL 72,
o WL 7 71) r—3 3 »Td Cold-Start F#EIL, new %

tail DL —HIIIFHEAEET, T4 T LAMORII5HEAL
TWh,

7 X TICEBEE LSRR T2, -
FL &) %7 AT LDFRS NS B MEIFES
b, BRRVEICEN S Ttem-Based 2 MF #:7%: & % flA
EELILEDNEETHA.

—%AYIC Cold-Start M TIZEBE T — 7 5 7% T

EREDEALT S L SNTVWAEY, LRI —FICH
LCEMTHLILEERLTWAE, T axy RRkED
e o v x® v 7 X DEEBEOREHREZH LML,
SHEOBEILL T U F I AT EEHLMICL

7z,

INHOREFIFL T XY FRELITTERL, ZOHH

TEHEOMIEDOEEMZ/RL TV 5,

AEE

ATFgEIE JSPS BHFE (19H04165) OB % 1T

72 DTY.
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