tyrary DEIM2026

| —MEER | Track 3: IBHRE - IBHIEE - V- vILXT (7 |

#20265381H(H) 15:30 ~ 17:40 | R G5
[6G] #RB > X 7 L (BiE{b/O/N R MME/RER)
FER:LO RE(TERAT) OIXVT—REZMTAFEHEARE)

15:30 ~ 15:55
[6G-01l] LLM#EICHIT 2 A—HFEMZZRE L& FEE IOV 7 M &EL
MM Sl EEEl (1L EFAD)

15:55~16:20
[6G-02] BRAIRTRE L BB RZEX AW -AIIL—EILUIDT=0DZ X VI NYTa v b
*ZHEBEL i B2 (L AUBEAFTFMISHMIL 2 fOZ Y RERL 2. B8 AR AR RIS HRAI ST

Br)

16:20 ~ 16:45
[6G-03] Robust Recommendation against Shilling Attacks via List Consistency and
Counterfactual Neighbor Analysis

*Mo Fanl-2, Chen Chongxianl. FanXinl, 1U% BAl (1. RFEEKZE. 2. zozotkatt)

16:45~17:10
[6G-04] /NMRIEEEBETILHHH T 3BRBRMEICE DK —LHES X T LDIBE
ER PR a8n mEl 1 2EAR)

17:10~17:35
[6G-05] [#:1i7#R 5] DMM.com ICHITDEE - L I XY ROED {HA
2% iE—ERL. A AR (1. 8FES&%DMM.com)

© 2025-2026 DEIM2026E{TEES
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LIMH#EEICB T 2 2 —FEEE2E R L L2 7 n > 7 b Rt

MH EET Rk BMET

TEFRFEITER T 020-8551 AFRER M -H 4-3-5
E-mail: {s0622060,zhang} @iwate-u.ac.jp

HoFL AFE, RHESEET L (LLM) OEWHERREN 2 HEE S X 7 25T 2R EEShTWS. Ly
L, SRTOI—HFIHNLTEEDT > 7L — 2T 21EkD 70 v 7 FFETIE, H4xD2—F OELFRED
NI Z TR TER N WO ED D 5. ZOREERIRT 278, ATt EEzHwT1—%Z
YICHRGER T a v 7 MR E R R HEREIR T 2 FE TRPP) 2R L Fiz AR T 2. BRI, 2—9
HODHED Rating IZHDWRT P ERBEFEEL -V 2 Y OANCHAAL Z 8T, 2—FHOELEEZEEL -
Tury P VEREFEBRT S, X512, TR ROV TEL —FADHEE ZBIINCE(L X8 2 TEIZER 2 B i1 K%
L7z, 320087 —&ty b BXU 2D LLM % AW 7HEEBROMEE, HETFHREIR—RF4 VLTS
{ DEMFTHERE (NDCG) %A X+, FHZINDCG@1 IZBWTIIRAT 2.88%DeRERF G L. AR,
2 —Y OFHER & REREFSORE S U287k 7 > 7 MERD, HERBEOM EICENTHE I 2RL TN,

¥—y—F H#EET 2T A, LLM, s#{b¥E

1 BLHLZ

A, KEEEREET L (LLM) DEWHEERAE S 5B
RENRHE S X7 LA T 2MAPEE IR TS, 2—F
WK LTHR=YF 74 XENTEERHE LTS 0L, €T
T L —F OITENEIE R & DAV AR Z B D AL, 71
YTy I=F7 ) K BEER EOMEED s T
%, @, HEXZZI1I2BWTE, 2—HORFPEINZIR
TUCEDE THFECIRTNE L ZLS B 20EN D 205, Wk
D LLM R— ZDHEFEE TV TIE, TNTOZ—H It L TEE
D7 Y7L — sEMEHT 3 Task-wise prompting| 2EFTH
D, iz DOL—FADFNIIRADH 2 & 2TV S [1][2].

ZAUTH L, Mao HIFHE(L¥EE RL) ZHVWTZ—F L
WCRGEZ 70 > 7 MR ERE HENEIR S % L, Reinforced
Prompt Personalization (RPP) 28 L7z [3]. ZOFkiE, T'm
YT TEEORE) S TBEOR X It ¥ OMBERICH R
L, MR-V 2 " 2—F DA RT3 a VB
EOWTRELHAGOEEHRRT 22T, #HEREOR L
ZEEHELTWS., LAL, ZOEFMIMEARL LT, 2—HIK
BOMRICBWTHEDORMEZTRL TW5. §F—I, RPPIIE
BRINETFA P LTRS 2 TEHWEREZRLTVEHD
D, ET7 AT LT 52— OEEKNLEHHifE (Rating) %
ofFHIE, ey MEROBETTHMICERHIATHRY
BT, TR SR (Timestamp) | ORUWTH 5. 2—H D
ITENIRER IS & o TENNICZE L 2 S O (D BEEIRERE K
DEIEEEES) TH D, WEKD RPP DITHIZEITIZZ 5 LK
iR X A I U 72 X BEFOZ(LEHARAD TR,

ZZT, AWFETIE, RPPOI7L—2aU—272HRL, &b
-y T xR b KMATRE R T M AR R T
3. BRI, 22— 2k 0i#ED Rating I2ED W T b

N ER T -2 = P OIKEAT (State) (ZHlBATLZ &
T, 2—-VEBHOFMEAEZE R L7z 0 > 7 MEREFEE T
5. E5I1Z, ITimestamp (RfH) ) ICEDEK 1P D
B7 7u—F2EINc 25 X 51T7H1Z2M (Action Space)
ZHRT 5.

AEBRTE, MEFEREAVESGS, "—2X74 2L
T EEERMENARETH 2 0ET 2 Z e ZHME T 5.
EERITIIR—ZDEF N L LT Mao 5D RPP ZHH T 3 [3].
BEONBET— &ty b EHWT, Rating IZEEIWERZ b L
¥ Timestamp % & A L/2{EREF L DEE B L UCHEREITL,
NDCG 5 DFHlifEIE % W T 2 O EMEZ M 5. BRI
%, GPT-4o-mini B & ¥ Llama-3.1-8B % H W /2 EERIZB W T,
REFHEEILLDOEMBTTR—R54 V& FEZHEZEZR L
7=. F#iZ, NDCG@1 B\ THHER A _EAMER XN, ML-IM
T—&ty P TIEIRK288DWERZFR L. LoD
R 5, Rating HHIC X 2 2 —PIREOKBUL Y, R IcE
STy 7 MEREROTNBRD, ANTH S Z LR
.

2 By %
2.1 LLM ZHOEHES 27 4

WAE, KRS FEET L (LLM) DR 72 EIREAREE /) © HE
FMEENRHEE S X7 4 (RS) ICIEM T BMEABEA/TONT
W3, FHADIZETIX, LLM ZH#EE X 2 2 1HEG X8 572912
T 7 AV Fa—= VRIS FEMRERSN. LiL, Th
SIEEIHE X M E L, HBICERIRELRMEE S R T L D&
FICIIEREDR . 2L, EFLDNRT X — R ETHH
F, ANTFRM (Fur7b) OTRICE > THREERS EH
T ey ryo=7y 7 PEHIATVS. BFED
%< D7 Fr—Fi% [Task-wise prompting] & FEIEH, FFED

- 6G-01 -
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Reward r

: /You are a movie expert.

Tl rate 2
User The user has watched 2

The user has watched 4 movies:

movies: About Last Night,
As Good As It Gets. Here
are 2 candidate movies he

mua can watch next: The Fly,
:f 1 Roman Holiday. Please

£ Role-playing AAA A

- Here are 2 candidate “

=l iy N X movies he can watch next: The petenl
History records O O © O Fly, Roman Holiday. Please |, LLM-based 1. The Fly

o o Refine b these 2 ! ! 3
Watching history rank these 2 movies based o] Rea-guidance Q¢ O O O Ok Ehese: 2 movies Recommender :
1, =, on his recent watching [ Trttie
“L?fﬁ’ history. .Onl)-oulpLIl lhe. 2 Output format 0 @ 0 0O 2. Roman Holiday
ranking results with order (=]
Candidate movies numbers. + |

Input x

Initial Prompt pg

MARL

{ History records N
1. The user has watched 2
movies: <seqH=.

2. The user has watched 3

movies: <seqH>.
3

.-"/ Role-playing
= )
1. You are a movie
expert.
2. You are good at
recommendingmovies.

2. Please rank according to
my watching history.

Quput 0¢

Optimized Prompt p;
State s

/&3 Reasoning guidance’, /&2 Output format
1

1. Just output the ranking
results with order umbers.
2.

3. : 3. Please think step by step.

seqH=. 4. Please rank and refine
| the ranking results.

4. The user has watched 5

!\ movies: <seqH>.

:'\.;:'I:ion Sp;ce A

3. Qutput the ranking
results without explanation.

X1 RPP O (3]

RZAZH LT —FHBEOEET > L — FRHEHT 3.
LhL, ZOHERZEENESTHINE, 2—F T D
RIEIFR R ZHEZ TRV E WS BEES I TV S

2.2 FurFrrry=7Y rr et

Task-wise prompting DR 2R 2728, HLxDAIA >~
AR YARECTTay 7 e BEINCE L S & 2 FiESRE
ENTWBM4][5]. Zo77u—FiF, 2TOLI—PIZEED
FUFL— L EEHTZ2OTIERL, 2—F T OXRICE
BECTu Yy P EEIMET 2 e 2 HIET DD TH S, HET
i, 2oy X EFOEBLE WS ETICBWT, Bk
E (RL) 2BAT2HEADEDSATNS [3][5]. ZNHDF
B, Ty MR T 2ER (R, BRORX, Ham
ARRRY) RRRBEMEARL, 2—FDA 257> a
VIBRRICHE DO W TERGE A ERER T BIINGEIRT 5. Zhick
D, TEROAFICEBHPL 22—V RT 4 v 7 RBERITHKE
B3, FEI—FOEBIFPREBICHIE L2 —Y F 574 X302
Ty 7 MERDAREL 12 5.

2.3 V¥R MRimHEE

HES AT 212BWT, 2—FOTEERE (74 741D D
HI) 720 THLE, FOTENRELE R (v 7F 2 1))
EERTHIIE, HERKELMLXE2 LTEELRY Tu—
FTH5. 1EROWEET I, HlZIX SASRec[6] HED S —7
VA EETIE, A V&R F 7Y a v DR (Timestamp) %3
DIAABNRT ML LTETMHAIAL Z 8T, TV DRELF
ORI R Z b5, FEEORMEICE T 2 AN T8 <% —
YERZTWAS. £7z, Rating B GHEE) X, 2—¥»7
A T AL TRV B OB 2 RITRNZ T 4 — FNy
2 (Explicit Feedback) T®» 5. Bz 2271 v 7@K (Implicit
Feedback) Y374 D, Rating ZF|HT 2 22 T, 21—FDE

WHE LT A TLEZSTROWT A TLAERAIL TERT
LZEMAfEr s, IhHDESkay XA MEROIER
i, 1ERD= 22— I WHBEE T BV TEENITOATE
D, TOEMEDLLERIATNS.

3 AT WE
3.1 RPP

Mao 5%, #HEX 2271283 70y 7 M REEbz < a
7 PUE#EFE MDP) & LTERILL, 22— =¥ MR{LEY
(MARL) ZFiWT2—F Z v IR 71 v 7 MERER %%
R Z2FIERPP 212RL72. ZZ TR 1IERPP DEKT —F
TI7F v LTV,

3.1 E R Mk

2—Y u OMFEBE (A &25 27> aVEE) 3 H, =
{i1 iy iy} TEENS., TITi B2 —FRBECELE
T7ATLERL, n IBBEORITHS. /-, HEMGREGME
574 TLEREC = {c1,.ey) ¥ L, MIXRHREE T D
D, RIFRTEM =10 EELTWVWS. ZD22DEETILA
DAJIx £F 5. RPPOHME, MToX3.10Xk512, LLM
DHEBERER yum OREE R R) Z2RAT 2HRERTr Y7
bpr BRI EZITHS.

p* = argmax R(y.om(p, X)) G.h
PEP

ZIZTPWEARER TR Y I DR ERT.

3.1.2 State Space

B EE T —2 = v PO 2REE S &, BRO Tt
WEBOREND 5. REOEFRIIVHIRE : EHIRETRR
5. 7, WIHREE s 1&, 7EROHEE T (LightGCN) 7>
H85N3 12—V HDIAL u ZHVTH 3.2 O X5 IHIHAkX

- 6G-01 -
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N5, HL, u DXTEIE 64 XL TH 5.

(lightGCN)

(3.2)

So=Uu

K2, AT 7Tt IZBIF2RE s, 1%, LTFO33 D&,
BHEDOTa 7+ p, & LLM OHIFER o, ICHEDWTHEHH X
3. BKMICIE, BERT ZHWTCZya—RFahkFar s
F#EH P 2, GRU ZHWTI Y a— R XHLHMERR & O
Me L TERINS.

s, = e +¢” = BERT(p,) + GRU(I,, ..., 1r) (3.3)

CITLRBLLMAHALES Y F 2 27IcBI 3 jHBHDO T A
TLRKRT. Fl, TITO 5 KBTI RTHD 64 ot L
TERSIND.

3.1.3 Action Space

TERSRe T v 7 NREDANT Y R ERDTzD, RPPIEX
LAV y P RITEIZEM A & LTERT 5. BRI
i, UTD 420 8% =2 2 RELONSER L T 5. Role-playing:
LLM ZRED&RE (BEOHEMRZ L) 2457 5 [7](8).
History records: JEEIHIRORIIRZFAREL, Hil - BBk
WG X3 [9]. Reasoning guidance: & 7' 1t 2 (CoT[10]
%° Refinement [11] 72 ¥") % #6773 %. Output format: HEE G R
DHNERZIEET 2 [12]. =Yz v b kiE, Zh2hO
WERISCERE A 20 & BB RATH) o 23%IRT 5.

3.1.4 & E

B E— v k ZERNC #5728, Centralized Training
with Decentralized Execution (CTDE) »% 5 & £ 4 [13] 1230 <
Actor-Critic 7—F 77 F ¥ [14] AL TWVWS. £ —I=x
> MiZ Actor g® (3 3.4) ¥ Critic A% (X 3.5) Z#D.

g®s) = a®, prob® (3.4)

A0 () = v (3.5)

YLTEKRENSG. 22T v I Critic 25HERE U 72 IRREAME,
probl” 1% Actor A3 ST L2 TENBIRMERTH 5. T 72, WM
r(3X 3.6) 12137 ¥ F ¥ JiHlifEIETH 5 NDCG@10 W 5.

r, = NDCG@10(o,) (3.6)

FEIZBWTE, FROBMOBEMR, = ryy +yrao +--- +
Y i YV BBRKIET 2 X SIC T X — D EHF NS,
ZZTODy X, RIARMcbEAZ B E OO MR =R
FT57-DDHEFIRERLTWS. Critic DIEKMEE LY BL O
Actor DIELR LY 3T DR 3.7, 3.8 TEFRENS. 22
T, N@EINvFH A %R,

o
L= 5 > R —v?) 3.7)

1 A
L = & > log(prob R, ") (3.8)

DEIM2026

3.1.5 mEED

BAKENS, RPPIZ K =4 D —Y =2 "I L T—2oDHK
BWh7ary P EERT 22—V Y b RT L2 LTEIE
T3, BAENREMIEROED, LLM OHEEREE yom OF
B GRM R) #RAMTZ2|mER T T pr BHERTE L
THY, SVFVIHNOBEERTDZILTHS.

3.2 DICE

WFOHBEETNDEZIE, 2—F D7V v 7Ly
DITEIZZDFEE la—FoBk) ¥ LT¥ETS. LiL
Zheng 5%, BHEDTENE, 2—¥ HE DM BLE (Interest)
&, ANRER Y o2 ERNC X % FFH (Conformity) DX IC
FoTHlERzIN2 DI FR L, REHEGRDHHEAZHL
DAN, -V OITEERE HEK) » TEH#E X5 2 FE
Disentangling Interest and Conformity(DICE) [15] #4248 L 7=.

3.2.1 N7 FLOER

2 —H OITENEK & BIREIC 7B % 728, DICE 3ERDE
TR RD, 2—PFu 74721 HLT, Zhzh M
& (Interest) ] & TTEFA (Conformity) ) WXHg 2 M7 L7
DIABNT MLEEID Y TS, £F, 2—FOKREMNREFL
TATLOEMEREERTARZ PARLITORK 39 D &S5 ITE
#735.

ul, i@ ¢ R4 3.9

RIZ, 2—FDRFALRLT XL T7A TLDANGE (FL v R
ERIXRZMLEMRONX3I0DE S ICERT 3.

u(con)’ i(con) c Rd (310)

BL, EiCBT 5 d 3B ERL, AETIEd=064 £ L
TWs. ThoEfVWBIET, 552V ud7AT LI
MUTHD THRza7 S0 ¢ TR#ER 27 SEV) 235
¥5. (X311

S(Mi;ﬂ) — u(int)Ti(i“t)7 S(utl‘_Uﬂ) — u(con)Ti(con) (31 1)

3.2.2 7—xpHrEA

DICE TiX, #ES 27 LIBT3 7 —RER T 2%
EHRERETL (SCM) & LTERLT 2. BEARIIciE, wifi
TERLEBGRaA7E2HVWR LT, BEAIBRA VX571
YAa7 8, GRN312) 1% TARENREEK) » TFRFENE ofiy
LTIRESNZ L ERT 3.

Sui — u(int)Ti(int) +u(con)Ti(con) (312)
—— e

s (i_nl) s (con)
ui

ui

ZOMBEICBWTEEREIE, 74T 2DAKENEL (i
DREV) HE, BkZ a7 U PR TH, FAfARa7 s
MHELRBZLT, R LT v Z7THpBHE S 2 &
WHHTH 5.
ZOGEREE, HOELR @™ Z 3515 % 72912, DICE &
T7ATLDODNRERCE SV T =2 58%175. £F, ¥%
T—XROMEITHT- D, FHAfE (Rating) 1IZESA V&5 2
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-l Z AV
BHAHNYT ML OERF

BERIEDHAH

(sp ¢ ulliSHtGCN) | ylint) | ycom)"

W3 ERELS

St 1t pt  LLMIEAH 2707k

ylint)

REHAH
ufcon)

DICE

1“

ﬁ Role-playing () @ O O
B )

ot : LLMh58/EF V%V UR L

St P+ 0t

\ r - NDCG@10

LLMIC & 3 HEE

[l ) 1 —HF1BSHIAG:
g lightGCN wullightGCN)

b

&
=]

(Z¥F¥IHN)

I-Yzvhic&?

BFEDEHAHNY ML OER

70> 7 MER

2 RBETHROME

Y a YOEREITS. BIRHICIE, Rating 234 Ll EoA x5
ravik RYT7 47 (EMDI, 2hbbt (Rating 1~3 07
AT LERIRBUOT A7 4) % 207407 (AFD] 2E
KL Fh, E»SR2EEE2RI T4 7HRE, AfLS
BRIZEERINT 4 TRELERT 5.
iz, 2= u 1B i 2 AB] j DS B (u,i, j) DR
2175, EHilE, 2—FuDRIT 4 TEEDPSH T VX LI
BIRXN 3. —AHT, Al j0iERICE, DICE TIREIN:
Popularity based Negative Sampling with Margin (PNSM) % £%
T35, ZhZ, BV FaTaFEE16] IKMFEINERSND
DTHY, Hilins v EuFr 7Y 7 Tidinl, EfloAK
FE pop; IR L T—ED~— Y 28D NKE pop; DT 4 T A
Z, ANT 4 TEREPOELTIFETHS. ZhUTkb, A
S[EOREREZERAL, HREKRONHEZAZ TS, 22T
pop; £, T—REy b oNDTATLICBITD, A1 V&7
7T arORBTRENENS.
BRI DICE 1, 2O (u,i, ) NOT A4 T 1 i, j DANEE
pop;, pop; DA/NERICED Z ) FEEHHAT -2t Y b oyun TP
D220 7ty b 0,0, ITHELTHEEEITS.
e dataset O, (Positive item is more popular)
pop; > pop; TH37—Kty b, 2—FIANKDH27
AT H5iRFRL TV 720, ZofTincid M) & H
) OWMAPEEG L TWBAREENH 2. Z ZTIEMEHRAD
HHAA uen ZR X Eo0, DAL ui™ DY
H175.

e dataset O, (Negative item is more popular)
pop; > pop; TH37T =Xty b, 2—FIAKDH 27
ATF5j&DD, NRORWTATLiZHZTHEINLT
W37k, ZofTENE TR TR < MRWERE) 12X -
THIERIINZHERTE S, Lo T, ZZTIRHE
BROE DAL ui™ ZHEARNCEE X E 5.

DICE %, Z® 0y & 0, ZRFIUIN L TR 2 HKBEEE
BHTA2ILVFERRIEREZTH T, B—0f 252
¥ a VIBRED S Bk v FFH O o #E R EBR T 5.

3.23 & H 1k

Bk » [FIFRZ AR B L T EE 572912, DICEIE b L —
=y T2 THKICE2 7V 7 e TRERICK 22 v 7
CHBEL, ThZCRHE LIRS SR T 2. BRI
&, &R LTor Yy 2 FRRER L7 3.13, 3.14, 3.15,
3.16) IZLI R LTEHT 5. KB, B EF 113 Total X
BEL, BEE FRFHAOHDIAANY L& HEKE (Concatenation)
L7z, 2—FBIETA 7 LOEEMLREBTRZ L E2RT.

Licticry = Z BPR((', i), (', j")) (3.13)
(u,i,j)eo

' = @0 || gyleom (3.14)

it = {0 || jteon (3.15)

= 0| jleom (3.16)

Z 2T, R THW ST WS BPR X, Bayesian Person-
alized Ranking [17] ICBWTRT7 U A XRAE. 2F D, 2—F
HMEFEM - REHAR 7 4 7 20%, 2—FBI 5B LIZT 4 T
DATHEARTEDAME W E WO REICE D W IBKEKTH D,
RITATT7ATLDRAT AT T A TTATLDAIATH
VWS K NBRDAL T 2R ERAILT 2 X 51280
fibis.

F7z, NGEAAL 7 RADHELZF I WER T2ty v &
FWTHIR O IA AL Z FoE{l 3 % Interest Loss (L) (3N 3.17)
e, ANREIZESWTHH O DAL %L Iii{t 3 % Conformity
Loss (Lon) 7\ [3.18, 3.19, 3.20] ZA N L CTERT 5.

L=, BPR(S;". S,7) (3.17)
(u,i,j)eoy
L(con) = Lfclon) + L(oczon) (318)
_ (con) (con)
L?clon) - Z BPR(Sui 4 Suj ) (319)
(u,i,j)€0]
— (con) (con)
L?CZOH) - Z _BPR(Sm' ’ Su_j ) (320)

(i, j)€0s
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RAFI—-T v MRILFE

a7k pg

a

[Role-playing O

|
O O} The user has watched 4 movies \

A, B,C,D.
Here are 10 candidate

1. You are a movie 1. The user has watched 2
expert. movies:
2. 2. The user has watched 3
movies:
3. The user has watched 4
movies:
4. The user has watched 5
movies:

movie preference.

my watching history.
3. You can catch user's

movie preference.
e ranking results.

ﬁ [His(ory recordD I:\ . I:”] movies he can watch next:
F ...0.

Please rank and refine the rankin
B [e=siomee /\ [\ /\ A i
ﬁ [Ou(put format<> <> <>]

It's a morning, thy
@[ ime {%}%}{H time efficie

J
Action space A
‘ Role-playing ﬁ History records ‘ Rea-guidance ﬁ Output format

1. Please rank based on my
2. Please rank according to | | 2.

3. Please think step by step.
4. Please rank and refine the | | 3. Output the ranking results

1. Just output the ranking
results with order umbers. oo
2. It's a weekend night, they
are likely at their peak
energy levels and seeking
maximum stimulation...
3. It's a midnight, they might
have a higher tolerance for

without explanation.

intensity and crave sensory

engagey

3 R SCARIC SO < ATE)ZER D HRER

XHIT, EEINE 2D0DRT b ai gl 23H W
WS UZIEHMERFEL, MIRIEELRVEI T E712HIC
Discrepancy Loss (Lgis) ZEAT 3. ZHUE2D2DRZ PO
B2 H/MET 2 HIFIHE U THRET 5.

3.24 m¥EEW

AL 72 B RIBEIEK Loiee 3R 321 D X508, 7V v 7 FHliE
R Lo 12, THH 3 DOERZMATMEME L TERS
nz.

Lpice = Licky + @(Liny + Licon)) + BLis) (3.21)

ZIZTa,BR@ANAR—NRFTX—RThHY, WIHHFKEL LT
=01, 8=001 THRELE. B IELTE, £lRD
PNSM IZHD E K TRy 7 TRIZ 09 5T OB X Eiz.
AUZ, PNSM IZ & D 2ZEENC~ — ¥ U BRZF LR T HSEITH,
EEPHELICON T — I U/ NZWRTIZE > TOEREIC
Tk TEFH) OPBEOEBEEL TR > TLES DDORET
»H5.

-
[

4 WETFIK

REFEOHMZE, 2—IF OBTEN i (B
) BLUKRNXIREZEE L7y 7 EERL, HER
ErAEXEZZTH5. K2 IREFEOMELRT

JATHIZED RPP 1, 2—% ID OEDAAZAIAIRE L LT
FHAL, 4 DOBEEINATH AR -2 DAER> TV, Z
TR LIRETFETIE, DICE X > THBiXNE=RY P L%
WIHIREBICEHE S L, S HIICKEET (Timestamp) (2H:D < #i
BITEIL—Y = v FRBINT 5. THHITIZE L RIFZEDR
BFELOEREVTDH 5.

4.1 DICE X7 F L O¥E
I—HOIREE X D EEMICRE ST 272912, DICE[15] ZHWw

THFPEE X N7 TEEDIAA ui ) & TEFHHHDIAA u©om
ZRAT 5. kD RPP TIX, FIHAIRAE s 13HM172 lightGCN
W& 2 2 —PHEDAATYIH LI T W2, BEFIETIEN,
TOFIETHHIRELZ LT 2 (K 2).

%7, HA¥EEEAD DICE £E7F 0568560722 20N
oL a geom e REZLITFD 4.1 @ X 512 RPP DIRAE I
#% (Concatenation) 3 5.

So = M(IightGCN) ” M(im) ” u(con) (41)
iz, sELFEE T —Y 2 v s DREEBOITTICEDES. 2

OB XD, T—Y ¥ MIz—¥h THikn Bk cE X
A7 TFLY FRARALRSTVWEA 7 rwvodEm%E,
BIEN R LTBIAIL 22T n v 7 MR EBItR T
5 eDA[REL T2 5.

4.2 IEIRSOIRCHD < 1722 D ik

itk RPP OITENZEM &, RBETEROITEIZEM TIEZ DMK
HRIEWDDH S, RPP TIE, MRERE), THEER), TR,
TR O 420x—Y v Bt h LTIy T b 2AME
KE5. Larl, TASRBEENZRETHD, 2—F07 7
R UBEORE (REHERY) BEBShTVRWV. 22
TREFETE, 5OHOZ—-Y =z b LT HE 28A
5. M3 ITHELZRT.

IOT—Y =y NI, TEIRELERL 2 A L, K
M G, B, 475, BERE) (6 Ui # kT
5. flziE, BEER (Mid Night) @7 72 2 ThHHUE, KD
X 5 ISR HMER L 72 %, "It’s a Mid Night, they might have a
higher tolerance for intensity and crave sensory engagement. Rec-
ommend a gripping or atmospheric movie that offers a deep sense
of immersion."

B Ta 7 b pld, K420 X5 ITHFD 4 DORR
B2 a2, FHSUROMRER o® 2IMZ 75 20X %
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1 FT—Xty  i&E

Dataset Users Items Interactions Density
MovieLens-1IM 6,040 3,885 1,000,210 4.26%
Amazon Games 50,545 16,858 389,718 0.04%
Yelp 31,668 38,048 1,561,406 0.13%

T2 NAR=RFTRX—RDFH

Parameter Value
51 () 0.95
FEE 1t
Optimizer Adam
temperature 0.2

DICE X7 M LVOXRICE 128

DRFIHbDL LTHEKENS.
p =1V, a®,d,a® 4 4.2)

Zhc kb, a—FoREHMNKRELL (DICE X2 FL) & —k
B 724K (Timestamp) Ol /7 % R U 7= 28R 72 HEES H3 AT HE
5.

5 % W55

5.1 FEBRFEE

5.1 7—&tvt

L, £ LITRT L1, #HES T 2 OFHETA S AW
LNTWVWS 3 DDREANRNYF~—2FT—&+ v I, MovieLens-
IM(ML-1M)[18], Amazon Games[19], Yelp[20] 2 i 5 5.
ML-1M (W 2 0t3 2 3ili 7 — &, Amazon Games (&7 — 4
HROLE 2 —F—&, Yelp l3EHICHT2F 2w 74 0L
Pa2a—D7—&THsb. WFihD7T—Xtvy +d, 2—F 1D,
74 7, ID, FHfifE (Rating), X4 LARY TEEATVS.
F—XOFEY LT, T—XOEEEEROLD, 1 V&5
7 a BB SKEDLI—FBIUET A T LERNT B (5-core
filtering) .

F—RDENE, XA LAZR YT 1TH- L Leave-one-out /7
REFA L. S22V OBBELRHEOAIBCERE R, &b
HLWIHE2TRANF—X, ZOBEMD 1 BT —&, %
N REETFT—X e Lz, BB, n 22—V OEEEL L
LAEDOEET—& (n-2 W ETOREE) PICIEFID | D17
ELRWEERETVOFREPRETH 2720, Pladtdb 1
L EDIERIEET 22 —FDAEMH L CTHAL

¥72, RPP[3] DR EIWCHENL T2 —F DY > 7Y v 7 %(To
2. BRI, 2a—Fodhrs T v X2 LI Lz 200 £
PEAFE -V FO¥EEHL -, ZAS L XEHELR
WHID 100 %% RAEFHEAD 7 2 b2 —F & LTHEL .

5.1.2 EFL & EEEM

Ny 7 R—= ¥R BZRBEEFTET L (LLM) 12i&, OpenAl
HHEMES 5 GPT-4o-mini (APLFIH) &, Meta t1:® Llama-3.1-8B
(a—A VB O 2 EEPRHA L.
¢  GPT-40-mini

7u—XA Y —-REFNVONE. HETZIAHETATS
D, EEIRRHERE) L FBmEZROMAE T L. BV
HEZR T Z e HifFEh 5.
e Llama-3.1-8b
F—F Y —ZFTFADNRE. T A — REDLER D72
W (8B) EFALTH D, u—HLIRECHERE. 2 X b
RTITANT—OBR TR APL 2 FIHTERVWRETD
FIHTE 3.
INBDOLIMICED, 20—XRY—ReF—F Y —2AD
WHDET MBI 2REFEOBEMMELRIET 5. #IEKE
DEFIIE, 7 — Xty P THEANCEY X872 DICE[15] ®
WARZ FAVZRHAT 5. BEFEE DAL =85 X=X,
SEATIHSE RPP ICH D W TREZRITo /2. ERWEMEZR 21T
RY. E5IE y13 095 2 L, Actor & Critic DZEERITIE le*
BHRELZ. REbFEICE Adam ZFH L. LLM © 5 >
X LMERIRS T 728, temperature (& 0.2 WICHE L7z, ZHAMK
WY, EfT—HEDOD 2NN EIheTRE. —0F
NVIDIA T4 GPU 2 F|H L 7=
F7z, AWEDBERT A 7 28 M1 10 1CEEL, il
M =257 Y XAMGERIH, TANT—2roBonlk
EfR7 AT L%2EATWS. TEIZEMICB % [Role-playing |
IRea-guidance] [Output format] [Time] D SXX—> & ZFNZH
3,9, 5 7EDEREL LK

5.2 FHilitEEE (Metrics)

ARIFZETlX, by 7 KH#E (Top-K Recommendation) @ X
AZIZBWT, RBEFED RPP IHANTZ—FOBEFEZIEL
CFUTETVBEEFMT 2. TFUMPERLIHEEY Z b
DOFEEZ R 2 7=, FHfitsIE NDCG@K(Normalized Discounted
Cumulative Gain) [21] ZF|H$ 5. HL, K=1, 5, 10 ¥ T 3.
TR, BT AT LABHEEY 2D EIZH BT EWEE
RBEETHY, 70XV TOEETHAT 5.

NDCG 1%, UTDR 51 TEHEIIS.

DCG@K
NDCG@K = tmmes 5.1)

%7, DCG@k ZATORK 52 EFEN 5.
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# 3 GPT-4o-mini 28T 2 HEEREEE

ML-IM Games Yelp
NDCG@K K=1 K=5 K=10 K=1 K=5 K=10 K=1 K=5 K=10
RPP(baseline) 0.347 0.587 0.651 0.510 0.668 0.727 0.485 0.706 0.748
Ours 0.357 0.591 0.656 0.524 0.661 0.738 0.490 0.708 0.761
g +2.88 % +0.68 % +0.77 % | +2.74 % -1.06 % +1.51 % | +1.03 % +0.28 % +1.73 %
# 4 Llama-3.1-8B B 2 #HEEREE
ML-1M Games Yelp
NDCG@K K=1 K=5 K=10 K=1 K=5 K=10 K=1 K=5 K=10
RPP(baseline) 0.811 0.850 0.862 0.782 0.822 0.859 0.814 0.860 0.886
Ours 0.827 0.846 0.871 0.791 0.820 0.864 0.826 0.860 0.889
UER +1.97 % -047 % +1.04 % | +1.15 % -0.24 % +0.58 % | +1.47 % 0.00 % +0.34 %
%5 Ablation Study DFER (ML-1M)
Metrics NDCG@1 NDCG@5 NDCG@10
Ours 0.357 0.591 0.656
w/o DICE 0.347 0.608 0.653
w/o Timestamp 0.355 0.590 0.651
RPP 0.347 0.587 0.651
K orli g DICEX, A&7 7>avyr—&»s T8 ¢ TFHiH) %
DCG@K = 3 ————— 5.2 oy R N o
24 Togy i+ 1) OO ST BRI R - R T B, T A

ZZT, e, 37X v UMEM i B AHEEER a7 2R
. RO i+ 1 OXEE, HICESSREEZRT. £/
IDCG@K (372 5 > % > 7D IDCG@K (I M2 5 > F
> 7D DCGRK 7273, RRAZIZBWTIEMRT A4 7 LI1EHIT 1
SOTHY, IDCGRK =1 TH 378, DCG@K %K 2 DI,
NDCG@K %#Rb7zZ ¥ L [AETH 3.

6 MBRLHZLH

6.1 HERERSEE DTG

AWFETIE, 32007 =Xty MZBWTIRET Ours) &
N—2 74 FE (RPP) OHEEMEL KL . EEERE
#£3, 4117, KFE, BEFERLR—R T4 VAT
R, IOBEPENTWERFEZRLTED, THENZ, BiE
FEITHART 1.0 %Ll LOWER R L R EZ TR LTV 5.
FEEROMR, 2oy UTREFERL, 1E ALY D&N
WKCBWTR—27 4 V% kA%, LIEAZEOREEEZERL
72. $1Z, GPT-40-mini W= ML-IM 7—&+t v MZBWT
X, ETOEETR—AT7 A4 Y EERE LTV, %72, NDCG
@ 1BV TIEER SRR LR S H, RioRTHEIETD
T—Xty MZBVWT 1.0 NWEBX 2RERERLE. ML
kb, BEFROEIMIIRINZLEZ 5.

6.1.1 7—Xty bOFRHEIZ X 2 HE

F—XEty T OERFMCEH T2, ML-IM % Yelp
Y LB LT, Amazon Games (281} 3 ERIIBERN, HD 0
F—E8DIEIE (GPT-40-mini I2B1} 3 NDCG@5 72 ¥) TR RH
HBohl, £1IORTED, ML-IM ¥ Yelp D% (Density)
MZENEFN 426%, 0.13%TH 25 DITNT L, Amazon Games I
0.04% L D THRT—REy N THB. BEFIEOME LS

WKHTH 256, \REORD PV OITH X - 0¥y
BREERRD, THREOKRTE2BVAAREENEY. 20
Zehn, BEFEE—EULDA V2572 a2 VEERFED
RFX A ZBWT, FICEWSIRERET 2 EX 60 5.
6.1.2 LLM DETILVEENIC X B ER
EFABOLEEITS> 2, XR—2XF 4> (RPP) ORI T
FHEIZ Llama-3.1-8B D HSEWEBNCH 253, ERTFIEICL S
MER) % GPT-4o-mini D BAKEWHERE o7z, 2,
GPT-4o-mini D237 v > 7 b NOEMRIER (ReEFISCARD
a7V RE) BXORRHERL, 7 vF v TERICRBE
VRN ED ol e R XD, —75, Llama-3.1-8B &
ToA OHEBEREIASE L, Ta v 7 F OMMARZEEIC X B REEH
M AR D o J2 AT REME DS B B .

6.2 Ablation study

REFEORHRERIBER LI 0REF LG LTV 32
EWGET 27280, SBERERNLEET LV OBEITS. F
BRERERSICELDZ. KFIE, FA—ofHliiEEicsnT
RAEEPEVWI L ERLTWS., I 2T, BERBICHEGR
Rrgzroi.
¢ DICE X7 P L DA DFIR (w/o Timestamp)

RRIRSURZ BRI L =BT UL, R—Z 54 v e LT
iz NDCG@1 2B W TR M LR s, —/T,
NDCG@10 ZHEENA L LW WS HEBR 5N &
DFERIX, DICE X7 ML OFHEIZE>T, 2—FDED
BlRICERT 274 7 22 RETRE0MELIZ e %
RLTW3. 2%h, SUFUI2KoMEELDD, &
EOLCIERE S > 2335 T RA > KD %R
fkxhizr52 5.
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o IRERIMSIIRICHED 7B 22 DIEER D RNR (w/o DICE)
DICE Z[RA L7z 70 (REEBISCRD BB &, X—
254 v gL T NDCG@S5 TEETFNDHF TR DI
JE%ZE L. NDCG@I0 IZB L TH LR ER—2F
A UhBRBEMNHLEL TV, ZhuE, KRz v DR
T DEHRBMbDE LT, ZOXA IV TI—YhiE
CZIRIFREBILCIAZ D X5 X hoTzlebEZX BN
%. DICED X512, 2a—FOEDHEKZRET 3REHD
REFHEHANTRO 2D, —BIRAKT 4 7 4 b 15
WKHEDPTL, BRrLTS 372k (@5 @10) O
BERELETFEhz2 52X 5.

6.2.1 NDCG@1 D[f] L ¥ NDCG@5 DK RIZRE 3 3 &%

EFFRRICBOTRETNE AL, BEFHEHN NDCGR &

Kigizm EX87-—77T, NDCG@5 2B\ TIdMFETEE R

|27 —2 GEEHR) PRERLNI-Z2THS. iUk, DICE

DEANCED =y FRT7 AT LNOHBEREN A L L 7= K,

—IIIR N T A T 2T BRI X e 2 ek

H¥zrEzohs. R LT, 2—FOSMEmErtickt

L, ETAEEI T2—Y Dl oAICT7+—HALTL

F o ZAREEARIB I B,

7 XD SBROEY

71 ¥ & ®

AR TIZ, KBESEEET L (LLM) ZHWH#ES 25
LZBI BTy 7 R FE TRPP) ZHLRL, 21—
A OFHEER & RN SRERET 2H k7L —av—2
LU= BRICIEX, DICE EFLEEAL T —HF DT
FERE TEoflk) ¥ TFEF) CHREL, X oI Tz
[Timestamp (FifEH) 1 ZEBMT 22T, BIWRTar 7
DR EFHLT-.

3O0D0NETF -ty PBXU 2 BEO LLM % H /- 3Hi
FHEROFER, RRTFHEEIRN—Z54 2 TH5 RPP L HHEIL T,
ZL DEMTEWIHEREZZER L. K, NDCG@1 28
WTIE, mK+2.88 OB LFIRT 22, BEFEL LEH
BMEEE R L. — T, T—Xty hDRASA=AERE WG
&, FHMEFEERO K BKEFWE (NDCG@S 2 E) ITi3tE
HIRER & 2 2B DS IR 572

7.2 SHROBEE
Kt RESE27-DD5%OFEL LT, LIFTOADE
o,
o ANRTA T LDHEYIRIN
FEEFETIE, DICE DEAIZ LD, NDCG@5 IZBWT R
aA7METT 2 VS HBRP R SN, ZHARERIC
X, S FRTATLADFERI-—FBANKT 4 T LELT
LT —RBBEETD. LidoT, BiZ=vFRT7A T A4
EWET 22 ITRL, =92 IHXTHRITERD TV
584307 Rt FERL-I Y PRERTIRED
X215, ANRT7AT 0B = F o747 LOHEE
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BNCID B 2 X 5%, XD RRARHIHBEOBE A0
BETH5.

F—RE vy M X HRWIEER S R T HDOHESE
AEEBIZBNT, ML-IM = Yelp TR A LRI
7=—7% T, Amazon Games 7 —&Xt v F TIZ—HDIEHET
HEDRENTH 572, ZHUET — R DR 8= AR
THLEZOND 2D, T—XPBRERE N T DICE ©
R R RE X B 720D IFANLTFEDE A R, Few-shot
RN T Iu—FORFNRD SN B,
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M BE 2 B E R & F W7z
HIL— LV UIDDHDT X TITNT 4 v b

ZH HET

AR BB AET

T ALRE R TAAERT L 2 b r =7 258
T1 ALHEE RZERZEG R ERAB AT 5T
E-mail: fyastar.tkm83@Qgmail.com, ttatsu@ist.hokudai.ac.jp

HE5FL WebHES AT 212BWT, Ab—Er Ul ZHVAIE, 22—V ORIEHH (BIEEE) X 27412k
DEHEBIHARETH 5. Lo T, MEREZEEBAITERVWRETHIERDTI VX INVT 4 v VFRE (B A
F—FETN, MEX-XETILE) XDMRNREEPGEEEZONS. AR TE, BERESHORT, 7
AT LDV y 7B ERKILTZ2 e B 35, BEREBHELRRED 7 X I/ Ny T4 v Mi#EE
ERLL, ZOMBEICHT2MET NV AL EIRET S, F/z, iHMEiEFEZEL T, IREFEROAEEEZRT.

F—U—F

1 L &®IC

Web #iE> 27 LT, 2—FDT74—KNw 2 (Z Vv
PHERY) ZHVCTIRRNEF 2B ERECT 24 74 V2%
BOWEETHS. MBEHR, —2—X, ECHA FMOHERY,
=PI T A T 2R IBNT & TR T 2 BHEIEEZ L, 20
FORFEE T VXV INYT oy b LTERbLEINTE .
FUFRVINYT 4y ME, BR (HEEFHEOSEE MR
7ATLADHER) LIEA GRZEOFHEMED & @ aHiEis i T
EBZT7ATLDIR) ODNT U REL YRS, BonEHl
P OIRIEFZET AL LTERHTH D, #E - R
DHEERD—DOTH 5.

PWERDZ >R INYT 4 v MFETIE, =D EM2 S
WSS 215782 T AL LTzh A7y — REFILSP, (UE
WEABEMREZERBLZMBXRX—XETF /L (Position-Based
Model; PBM) & ¥, 7V v Z7E7MHED ERUDIE L H
WHNTET 9,10, ZhSDETIATE, —RICMEKFD
BIEER (examination) DSBELEE LTibh, Bllah 2
D7V 7 (BEZVERYIDOZ ) v Z7iiE) KReshd., £
DFER, 7V v ZBFE Lo REICOWT, (1) 2—Fi
BB L7N2 Y v 7 Lgho Bl (i) 2d2bHE
ENTVRVWRBHIZ O XA LI W, X512, PBM ®
EOWNBAA TR T AT LENEETHEL CHET 208
B BFETIX, HENRIH R 2572 FEMRMET LG
5. ZDEIIT, HEROPSHAZER EOEERIRNE HN—
T23—T, BERNAENTHATE 25 27 2126 LT
WL HmBIEBRIRO L WEREE 2 2 23RS 20,

—7F, MED Web +—E A TEHNL—+t1L Ul RV AL
MDY R ) A7 —VAlRER Y X b UL DAL FIHE AT
W3, M1iZhr—tnr Ul ofEREZRT. 250 UL T
i, T—FPERICY 2 FTRRAEREME L0 &AFR
PP, BIEEE) 5, 2947 MiloARY bar%EhsE

NYT 4y "7V RN, T 0F 2y 788 HES AT L, FEHE R

4 — R
4 N\
BAERE [V (¢)
Hl—+E )L :
: — 27 u—)L
FoRENfE RFRAE (B
g J
\_ J

1 An—tn Ul o (BREE V() ETHBllEhs)

HENFTRE ARG S D 5. MEBEFERESENTEIUL, 5 H
ATAREY U IR EHBICHE I N MERRETES. T4k
bbb, MEBEFEELTOMETIEZ Y v 7 OBFENBHIEN S /-
O, 7w 7 Lol WS AfIZHETE, A X DEN
NEBIIARMBE Y LTEBITERERY, WS Ol IEEck 3.
ZDrE, BEMER®E (examination) 12 X 2BHIDAHESE
Hr#irohsd o, RUETEHETS X DARMIT v F v
IEREETE e SHfEINRS. L L, BEEHEESEHE
RETHIZEERHRE LS 3Oy F 1 v FOERILY
FEREVEEEIE AT LR L.

ARFFETIE, AN —+tn Ul 28EL, MEHEEIBIHIARE
REMTTRIZ Y v 7ROMFEERKILT 27 0 F v Iy
T4y MEERERMLT S, KTV RTRI LDV F Y
ZRIERL, 2—9PHE L RAMNE (MEEE) $T0r
Uy ZDABPBRMEINZ LT 5. ZOr EHEHRN, MEF
EAICHRT 2ME S OMEMEY, 74 7 ABHOMKN
E FEINLBEDZ ) v 7% oo LTRINS.
ARETIZE T, HEEEBROMRZHELT 2720, 7V
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IHERES Y TR (BRI N BERE I & b BB H P

RED, BAEINIANBTET AT LOBIEESTZ Y v

IHERTZ) THS. kO EMRNESREARICEDET

MUZSHROYERE LTl T 5.

LRl oRETR L, AU RE OB EER VS S
VEVITEBRTIAIVILERET S, BEERZ, 205V
VR TEBICHBEINMNEICEINEZT A TLDAE, B
@D xhizranzl, 2oBHEEICHESWTHIEES
BHT 5. BRI, BHIcES S EERBEEHWTHRE
%4175 Observable-Depth UCB ¥, FHi2#0  HE 2
5% > 7Y > 2§ 5 Observable-Depth TS 242/R3 5. X5
12, R UCBEIRDWVWTHF ¥ v MRIFOHRFY 7Ly b B5
ZEWML, BHEREIBHARETH 2 Z 2V EHMERICEX 3
HEEPRGIORT. MAT, YIal—varyEBCkD,
PBM/Cascade ZDBEFR—25 4 >~ (UCB/TS) ¥ H#LT
REEDPREY 7Ly "V ERETZ I 2R T 5.

AHZEDOFE R BRI TO@ED TH 5.

o H—w UL ZHEL, BERENBHATEER 7 > F

INVT 4y MEEERER L.

o BIBEEEEANCEOE, REINEZEBICRERVA Y
4 ¥E 73V XL (Observable-Depth UCB/TS)
TIRE L.

e RFUCBEROWVWTX v v FMMREQOHREY 7Ly b B
252, BESRNOME L BRI -

e YIal—varyERIZID, PBM/Cascade HRN—X 7
A NI BEENROWE LR LT

2 BEEMHRE

AREITLE, AL BROFNFZEFERE LT, (1) N T4 v
7TV R LDHEME, (i) 2V vy ZETARESLS TV F Y
INVF 4w b (BRT—KEFN, PBM) & HE@RMAE, (iii)
HN—tVEDERY A+ UL (R7m—)L - BEEE) 12B3
217EET L, Z2HBIL, AROMED T 2T 2
2.1 NTaoy b7ILIAVILOER

NYF 4wy b7V XL, PHEE N E o BRI
(K) 2 H5BRANTEIRNL, BEEMERALT 24274 >~
YHOVATH 5 [3,11]). RRWFHEL LT, HAMEHEXH
(Upper Confidence Bound: UCB) XD Fik [1] RH KT
63> 7V U THE T % Thompson Sampling [14] 72 £'23
H3. AMRE NS DRMAE SV F v TR BT AT
LRIRHER) ICHR L 728EZ RS .

2.2 JVYIETINES VXV ITER

BB - HBICBY 227V yruliE, 747 L0EDOBNE
T T ETRMES Ul OB R2@MRIT 270D, 7V v 2
MEREERET VL LTCRRBTZ27V v 7 ETADHEINT
x7-. (BN A 7R (position bias) DIEEE ZDEF ML
EHL P OHMEINTED [6], 7V v ZETILOERRM 2B
LT 4 2H3. ZHBLDETNVIEDIEF Y FA4 0 TT Y

DEIM2026

XU OREETHHIEL LT, MUR?D 2.3-2.5 HiTHHT 2 &
IRTVFVINYT 4y PBFELTVS.
2.3 ART—REFIMNIEIKSOFVINIToY b
HAT—FETFIUX, =YD LM SIECHEEL, RENC
NI T AT L%V 7T 22 2 CRBERELETS, &
WO BREEZINET 227V v Z7ETFLTHS. Kveton 51
HAT—RETFILRTOI VXY IANYT 4 v PEERLL
B (BHDZ Vv 7 ET) KEIL¥E 7LV N
VI Ly MEWEG R (9. AWEROREILT v F v TR
YW EHTIRFERETD 20, H—+kL Ul ETIRY 2Tl
BaxNnizh (MEHRE) e rd 0B EETH 2 MRz 5.
ZoEIMERIC LD, REBEMELZAFE L TR TR Z
T DD, FEBICEM UATEICIRE U728 R CHEE %3
HoHNDE e BifFEh 5.

2.4 IBAR—XETIL(PBM) ICEDERERN>T1 v b

PiER—ZE TN (Position-Based Model: PBM) 1%, &
j DRIEHER (examination) & 74 7 LDMIEDFET IV v
IHERERTRRIET N THS. Lagrée 5% PBM FTOHE
BAaw vy MER (multiple-play) 2550 F IRV T 4 v
M EWFFEL [10], Komiyama SIXHEIAIENA 7 ZADKRATH
ZRETOEMFEN e 7LV A%k 5 272 [8. Zh oD
FHTIE—MRIZ examination X TE T, 7V v 7 DAEP LA
BANA 7RI ER RS T 2 0B D 5720, HEENSR
DR D02 EEDHE L2 DIES. —F, RUFRIEAIL—
L UL I BWTHIEREDBIHIATRE T H 2 RBICHE B L
examination ZEE L L THEET 2D Tldk <, #HH (BIHD
SNTAATEEBEEED O EEHE UTHFEICRM S 5 8T
BRI 5.

TERET N EARPFDOENIR 1 ITBHET 3.

2.5 AI—) UI L&) X MMER

MEDOHE S R T LT, B—DF7YF Y 7Y R NI TR
S, ROV R (Hr—kL) 2UARZ ULBHAVLNRS.
ZD &5 UL T, 2—FTED 2 XmhNcz b, {Eko
H—Y X MaF 27V vy Z7ET A TERICS WHIESET 5.
Rahdari 535> F > 27V X oA —EAADIEREYL LT
TN—EEF DI v ZETIVEREL [13], THIHL—
BN UL ZEELEY I 2L — a YFHTiOFHHAZ #E LT
W3 [12]. A=tk ANYT 4y P EAAEDECAME
¥ L Tl&, Bendada GHAFERA RNV —I VT DHNL—kILE
WLEXMRANY T 4 v b LTHRY, EF—-XTEMEERL
72 2], IS ERATHE T L - FEEFIEOMIE % Finc
o DT L, RAFIEHEREDPBAFIREE WS FES R T A
THDEBRTWEREAHEL LT, AV 74V F V7%
B Xy Fav b)) BERNMEL, 73V X468 X OCHEGRGE
W7V MEW) 522 RIS H 5.

2.6 FHAEOMUEDIT
MUbZBEEZ 2L, AAREZTVF O IANYT 4o b (IR
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DEIM2026

Bl HAT—REFIN fiE~X—2E71 (PBM) RBEET (BEEBIID
B REE D L BIARRT (BTE) BT (BTE) BETRE (V(t)

79w 78l ROIDIZ ) v 7 ET MEZDZY) v FLRMEBEDZ ) v 2
REENE DR KRBT & A GI2RAE KRB & A f2RAE RFTRE UToHHE
HEENTHR Stk F1 B D A &SI L MLEANA 7 R SESTEED A (PREE B
FEOWH i ae RIEANA 7 202 & BHHIEDDE BT < HH
RFTHR 19] [10] BN

&1 MEFETVERRETNVOLK

7 — K,/ PBM) WS L/MHAZEE 20D [8-10],
F—t)L ULICB) 2 BEREOBMIRTREMCE R LT, (1)
T (BUHD D CEHAZFOFE 7L Y LG L,
(2) REBNZHAAATHRENZ 525 28T, 7Yy 2
DA BB L F BHERBE & AR TADHRIL X N3 5 2 B
b2 Z2HME T3, 1ERETLEARMFTDENIEL 11
BT 2.

3 MERRTE
3.1 SVFVIRT
74T LEEE [K] = {1,2,...,K}, IR (Hr—+
AMADZa Y V) 2 L 233, 7Y Ft=12,...,T
WBWT, EEFERZELEOLVWES L OSrF 07 (EF H%
Y2 )
a(t) = (a1(t), az2(t),. ..,

ERRT S, ZITHENATRER T V¥V V7 OEAE

ar(t)) € A

A={(ar,...,ar) € [K]" | aj, ¥ a5, (1 £ J2)}
TH 5,
3.2 MEBEFE

PRIV YRt ZBVWTHL—krERI7u -1, &
KTHE V() e {l,..., L} ECHET 3, KZETIE, =D
IR V(t) 37 74 7> bu i kb EEBATEET

SRREEMD o
BRIBERES V (1), V(2), - I3RS dbor L, Z
DA%
L
py = Pr(V(¢) =v), va =1
v=1

8L T, Ul j pFR HREHEACEENS) Sha R
TifER %

Pji

L
=3
v=j
LERTLE, UTFHHRILT 5,

1=Ph2P,=2---2P.>0

3.3 JUyIERCBRANTI—FNYY
SUYVRtTT7A T BHEINRLE, 7Yy 7&Ne
51, ¥hkhors 0 D% L 2HRERE Ci(t) LT 5.

REETIIFERLEEL Ci(¢) 1INV R — A4 FARICHESD, DF D
Ci(t) ~ Bernoulli(6;)

T3, ZITTATLiDI Yy IR (REWNBKIE),
0, ERHMAZRX=Z T3, FUYFtIZBVWTIX, BE
ENTT AT Loait) (5 S V() IHLTDE, Coyn(t) D
74— FNy ZERIENS.

3.4 IREMCE1E
TUFRVT a BIERLIZEZDRRY
VY RO E 35, r(a) ld

a)=> 1[j S V(1)

LEYS, 20k =oHFERINE

ZE V()

Vo 78 r(a) 2ZD7

Cay (1)

]E[T ZP ea:l
725,

E*ﬁai 5'5%[]@ 0= ((917 . ) j’O’J:U%"‘K)_ 6“7:55&*::/2}%,:
AHOTT, BB ﬁ%%?ﬁﬁ?%7/%/7ﬁ%%ﬂﬁ
THILTH5,

3.5 BESYFVIVILYk

fEHE 0; RN 20 i HEHOER: 0,
a* %

95,

by Rt

L
Efr(a®)] =)  P; 0 = maxE[r(a)]
j=1
i, 2FED a WREIVFUITH B, 2 FBHICHE
KoV FU Tk a* THRT. OFD

*k
a

E[r(a)]

max
a€AE[r(a)]<E[r(a*)]

L35, FHRENIUYR t TERLETF VXV TR at) &
T3, HifFV Ly M
(t)))]

Reg(T) :=E [Z (r(a ) —

TERIND,
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BiEZ Y%7 a* CWHTEI70F T adDFYy T Ay %
UTo@h ERT 5.
L

Ao =E[r(a")] —E[r(a)] = Y P;(6) — ba,)

j=1
EEDZF 27 alZWLTO0L r(a) £ LTHEI25H
0L A SLHEDID. ZTDOX % v TRHWT Reg(T) 1FML
TOXSICREHTE 3.

Reg(T

Z Ban

3.6 BIEETILC DR

AFEIE PBM 1281 2 BEMKF DR ERR (examination)
Z, BEEZBE LTTIRRCBNER V() & LTI SAvF
BTH2, ZOKR, RRSNLMBEICEINET AT LI
DWTIiE Bernoulli(0;) DMLY > TANEHE LN, HEL
fEmrhs st x5,

4 BREFZE

ARECLE, 53 HTERNE ULBEEE V() BERIRTRER
FYXRVINYT 4y MTHL, BBEEE OB EENA S
BEBH TN AL ERET 3. BEROFEAHHE, 205
vy R TERBCRRENE (S V() MEcEINET A5
LOAEHZE @) LTz, ZoBHEBICED =HE
EFEHTEITHD. Zhuckb, RERME (G > V(E)
ZAFE L TR TR e Ziltlroo, RRINNMEBEICH
LTl Bernoulli(d;) DMLY > T e LTHR-oTHET S Z
EMTES.

4.1 #HEE (BHEEHEI Y v IEH)
SYUURtETIC, 7474 i BFR (BH) By
70y 7 Eni-B8E

t L

() = Y 1fa;(s) =i, j < V(s)], (1)
s=1 j=1
t L
sit) =YY 1faj(s) =i, S V(s)]Ci(s)  (2)
s=1 j=1
CEFETD. ZorE, TR (B SEBAUIZ Y v
2% Bernoulli(0;) WIS 729, ni(t) 21 DL X,
Ao sit)
0= 0w

E7ATLMIE 0; OfEERYE LTHWS

4.2 Observable-Depth UCB (OD-UCB)
UCB BOHFERET5720, £7U Y F t211XBVWT

alogt

ni(t — 1)

0;(t —1) + (ni(t —

(ni(t —1) = 0)

UCB;(t) := 1)=1)

—+00

DEIM2026

Algorithm 1 Observable-Depth UCB
Require: 74 728 K, Anvy ML,

NRIRX—=Z a>0

1:n; <0, 8+0 (t=1,...,K)
2: fort=1,2,...,7 do
3: fori=1,...,K do
si/ni ++/alogt/n; (n; =1
" UCB; « i/ gt/n; (n; )
+oo (n; =0)

5: end for

6: a(t)+ UCB a7 kfi L @z S > F >

I VFR YT oalt) ERRL, MEREE VE) 27V v o
(Carty®); -5 Cay (1) (1) EHBE

8 forj=1,...,V(t) do
9: 74— aj(t)

10: n; < n; +1

11: si  8; + Ci(t)

12: end for
13: end for

Algorithm 2 Observable-Depth TS
Require: 74 728 K, Avvy MI L, Hiii/$7 X —& ag,by > 0

1: ny <0, s <0 (i:L...,K)
2: fort=1,2,...,7 do
3: fori=1,...,K do

6; ~ Beta(ao + si, bo +n; — ;)
end for
a(t) + 0 O ki L @EREIECIEALS %> 2
Sryx v s oalt) TRAL, MEEE V) 22V v 2
( al(t)(t)v"' oy oy (1)) Z B

A S

8 forj=1,...,V(t) do
9: 14— aj(t)

10: n; < n; +1

11: si 8 + Ci(t)

12: end for
13: end for

2747 0ic K] DRa7E LTHVS. 7L, a>0&
BRYEHDANT VRBLBZNRTRA—RET 5.

Z LT UCB;(t) ODREWVIEIZEN L EDO7 A4 7 2% EY,
FhoERa 7B VX2 a(t) 2IRT 5. 8
Wk, HE V(E) ETOMEIREINLTA T LDARHE
(ni,8:) ZEFT 5. BEla— F% Algorithm 1 1T/RT.

4.3 Observable-Depth TS (OD-TS)

RiZ, Thompson Sampling (TS) IZESL 7Y X b%
5.2 %. Algorithm 2 IZE¢la— K E/RT.

BET7AT LWL, FHiFMHE LT 6; ~ Beta(ao,bo) &
REL, BHEE n(t) &2V v ZEE s (t) KHEDWTHEEK
WaKit

91' | Ht ~ Beta(ao =+ Si(t), bo =+ n; (t) — Si(t))

21585, 879V F t TETA T ah oI T
é,(t) ~ Beta(ao + Si(t — 1), bo + ni(t — 1) — Si(t — 1)) e
L, Bi(t) OREWIRC - LR RATIRT 5.
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13 UCB kRIS § S V(t) DILBICER - TITS.

R =2

IV RTRIATFTLADRAATREEL, kA L {@%E
A, b—TERAVANIHERIZ O(KlogL) TH 5. %
72, A BOEHFOHERIZ OV() THD, V() L KT
H3h5, OD-UCB, OD-TS#:ic?!, 15V FOFHEHERX
O(KlogL) T®» 5.

4.4

5 UJLvw MER

AHiTX, L FIE Observable-Depth UCB (Algo-
rithm 1) OV 7Ly + EREEZX 2. BITOSHIEE
72 UCB @t (R A+ A BiaNhE N 2 o B
WHES [1,11]. — A TARRETIE, BEFRE V() »8lllxh
272, () j<V(E) OMBICEINT A T LDADBEH
D xhz, (D) FREH (FrFradizmR L&
HIEED = L 720 WS H5EE O PBM/Cascade DT
L HEi23 [8-10].

BEEE (BIE R L @) %=

Top, :={(i) € [K]|i=1,2,...,L}
LEHTD.
HEEME 0:(t) := s:(t)/ns() 1R L, HOWHER

& :_ﬂ{ 0:(t) — 0;] < C:zlfzf)t}

i=1

PEATL. HRE ORFERE & TRY.

EE 1. a>1/2 35%. OD-UCBICHL, EEDHAREK
1<d<LExLT

Cr) (&)
Reg(T) < 32alog T <’“=d1 + (Z Pk> )
k=1
( ) : . )
| 2 +
PrOy — ) | Ager
S L0y — 0¢y) a

+2LK ((20).

TZT((s) =Yt RV -~ —XBHATHY,
s> 1 TPRTZ. i a > 1/2D2% 20 > 1 &b
Yoot =((2a) HERTH 3.

Proof. HBH &, &F ZHWT Reg(T) XATD & 5I1I2RBT
x5,
T T
Reg(T) =E Z Aa(t)]l[gt] +E Z Aa(t) ]l[gtc]‘|
t=1 t=1

F1HEZMHES T, F2HEEME 1 Throz b2k D,
RERIZEINS. O

1:0D-TS KB L TWX, Beta BHnod > 7Y V27230120 5itEEIX
HHTZ2HDLT 5.

DEIM2026

HWEL a>1/202%, IFORFEXIK D 0.

E

T oo
> Aa(t)]l[é’f}] SOLK Y 7% = 2LK ((20).

t=1 t=1

Proof. Ag SLHPEFEDTVF > alZHLTHDILODT

T
D AallEr]
t=1

B DD, Pri{&} i, URDFE LD 2K¢t72* T E2 LM
ZABNDBZENDID.

o K 5 A alogt
pr(st)_Pr{U{Hz(t)—Hz >\/£}}

- N alogt
ézpr{ i(t) = 6] > 0] }
alogt}

E

T
S LY Pr(&)
t=1

K
A alogt
+Z;Pr{9,-(t) < 0; (0 }
K alogt K alogt
i=1 1=1
:2K6—2a logt — 2Kt—2a

72720, BEBEDOAESIE Hoeffding FEXRZH W, Lo T

T %)
D Pr(Ef) <2k Y e
t=1 t=1
ThHY, a>1/2 D EETIPERT 2 O THIEHIKD L

D. O

HRF %

L
Fi = {0<Aa(t) §2ZPJ'

alogt
. naj(t)(t -1)
j=1 :
CEHRT D UATOMEDK D L.
i 2. UIToTuEERIE D D,
EN {Aa(t) > O} C F:

Proof. U Y RFtIZBVWTTIYF 7 alt) BEINLTNVDS
DT,
L L
> PjUCB,,((t) 2 Y P;UCB;(t)
j=1 Jj=1

BEDIL>TWVWE., TOLEEHRE PRI ->TWVWBE LTS
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alogt
n;(t—1)

&, TRNTDje [KIexfL T, — <ht—1)<

alogt
n;j(t—1)

L
alogt

P |0, 2| ———— P;0

;:1 a< ORIV i <t>t1> E @

MDD, LiehoT

Aar) _ZPO<]) Zpe ) 32213

DD D., XoTERE LER Agy >0 DFERICE Z -
TVWIURER F BEZ > T 3. O

0; + DD IL>TWVWBDT,

alogt
Na; (t) t— 1)

Uy Rt ONBES S U TOXSITERT 5.

16 2logt
Si=djeln na,-(t)(t) < o Zk 1 og
! Aa(t)
ZOrE, BRBO<d< LIZRL, UFD2o0HERE

5.
Gi(d) ={|S¢| 2 d}

d
16 Py)?logt
N, 1) () < A2y P log
a’](t) AQ
a(t)

He(d) =

ZorE, DUNOMEHNHALT 5.

iR 3. EEOBAAR 0 <d< LITHL, UTOUEBRIK

URYASR
F: C Gy (d) U Hy (d)
Proof. BHIETIHAT 2. F DD ILoTNBDIZ G (d) U
He(d) B D Lo TVWRVE T 3. Gi(d) UHe(d) DD I -
TWVWRWDT
. 16a( 2logt
Se| < d,Vj € [L] 100 (t) > Z’“AQ( :
a(t
DD IO, koT
alogt .
<
att) QZP =D (Fe BALED)
alogt alogt
2y ek
(t—1 ) t—1
= s ) sets, Na(t)(t—1)
a(t) a(t)
<2 P + 2 P;
St
JES, k 1 L)\ S: j=1 1"
_ Do [ 2ges b N Zje[m\st i
= d L
2 Zk:l Py Zk:l Py
SAa()

YW FESESNS. LD 5T F, C Gi(d) UHe(d) DR
hHiro. O

DEIM2026

TATLIi€ K| 2BL I VXV IOEEE A, TRT. M
ToBFOMMERE- T, i85 2T 5.

#87 4 (Lemma 2 in Appedix B.4 [5] ). FED 74 T &
i €[K], EBC >0ixnl, UFOAREFEADMD LD,

A2 - Amin,i

=1 a(t)

Zl{iga(t%m(t)é < Aar) < 2C

f:ffb, Amin,i = minaeAi\{a*} Aa Zj‘é

HY G (d) L Hi(d) BUTFDESICE Sl 33 5.

Git(d) =Gi(d) N {i € S}
a(t)
5L,

K

S 1[Gi(d)] = 1[G (@) Y 1[i € 8] 2d1[Gu(d)]  (3)

i=1
sZJMM

(4)

1[He(d

BD L0, FER (3),
BT E 3.

R 5. LUTOREXDED LD,

T L 9
E [Z Aa(t)n[gt]] <32alogT (W +

t=1

(4) LB 4 ZHWTUFOHE 5

(=)

K
1 L
X +
(3w o)

i=L+1

Proof. DIROREMIZ X D ENIEHTE 3.
E [Z Aa(t)l[gt]]

E [Aa(t)]l[gh Ag(ey > 0]]

Il
agh
T

,,
Il
—

PW%’“]

E [Aaq1IF]] (W 2 kD)

o
Il
A

E [Aa (1[G:(d)] + 1[He(D))]

K K
[ att) (;Z glt<d>1+21mi,t<d>}>1
i= i=1

((3), (4) &)

1[Gi,e(d)]Aar) + Z Z [Hs, t(d)]Au(t)‘|

i=1 t=1

(3 kD)

&
Il
A

m
Il
-

K

3>

d
i=1

M- 1M-

L
16a(zk=1 Py)? logT:| "
a

A2

1 |:7, € a(t),ni(t) <
a(t)

1A
=
| e T — |
Ul
(]~ L

.
Il
—
-
Il

1
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d

XL 16a( Pu)?log T
+ZZ]1 |:z € a(t),ni(t) < Z’Z; o8 } A

i=1 t=1

L 5 d 2
<32alog T (W + (Z Pk> )
k=1

K
(S mr
PL(Q(L) — 9(“) Agrx

i=L+1

(i 4 X D)

O

AR 1. Lagrée & [10] &, MEBEXX—-XETFNV (PBM) 5
FAEB Ry MER (maultiple-play) 2> 50 F 2 7Ny
T4 v bRWSEL, (i j OBERR (ezamination) P; 2BE
HDRT PBM-UCB O 7Ly + B %E G Z 7. [FA#X
@ Theorem 91T XAUR, EED e > 0L, H2EH Co(e)
PIFAEL, EEOHRM 1< d< LITxHLT

i=L+1
+ Co(e) (5)
BRDID., ZORIZBVWTe 5> 0 LAEREEM 1T

a—1/22LRCBWT, FEETH 25 1HIZ P2 572
\J PBM-UCB DJiHRE L, £RY A M REOHMTEMESR P
PN TIE BRI KECENLIFS.

—%, AERORETIE, FF VY FTEZETRRINL
heRTHERE V() PBHITE 2D, & PBEHLE
HESH (V) = j) BEHED»S. ZHE PBM IXBIF5
examination 73 {B1E (censored) Tl < #Hl (uncensored)
THHRBUHIG L, Lagrée 5% uncensored PBM TIXIHH
BABEMLT 2 Z e 2L TV S [10].

6 = B&

AT, L FiE (Observable-Depth UCB/TS ; OD-
UCB/OD-TS) oF#MM%E (1) &I 2L —>a >, (i)
FErvZ (RecGaze) D OHEE L7287 X —RICHEDLET—X
BRENEERD 2 DOTHEES 2. WINHEDRFIIE 3 HiOME
GEOE cutoff BET L L L, RREIIK T v v FCHERE
V(t) ZBHITE 5 —77, BIER—X 74 X3 V() 2BHlTE
BTN (ZV v rZDE) WS EHTHIERT 3.

FHilitER (RBREVIL Y B)

REZYF Y7 a* THTBE7AVIAVRLDT Vx> IH
a(l),...,a(T) DRBWEY 7Ly b 31 Ay ZHAVS.
BRI 2L —YaryTIREDARIA—X (0, P) BEHITH
27, £ FOWRERMAE Ay ZESGTRLTRES
5. ¥, EF-2BHERTEIa /D05 B LL (Z Yy

6.

[y

DEIM2026

HE FEEAE) % (0,P) E LTHY, Izl —>ay
LRRRICH T Y v ROMRMMZE L E L TRET 5.
6.2 AMYIal—TarvEE

IV F ¢ THBEREE V(E) e {l,...,L} %, IR TidR 3
TR TH Y TAL, V() OHNBEDADEL (FER)
XNhB. BHEINLME j T, BidhAET7A4 T4 0 =a,t)
%, DIROTIETER L 72T X =R 0; DRV —A 3T
Vw2 Ci(t) BERT 3.

a) BABEFEEST

BHHER P, = Pr(V() 2 j) 5%, Pr(V(t) = j) =
Pj — Pjy1 (Poy1 =0) THBEEESLED . AETE, &
ERERD, VRN ERE T2, L=5 D ELIRD 20D
ExRAVD

(shallow) (Pi,...,Ps) = (1.0,0.55,0.30,0.15,0.08),

(deep) (Pi,...
b) EE&KRTE
FHELLTK =50, L=5, T=200,000%L7. 7
AT LDOMIE 0, 1%, LfI 5% 0.18, 0.16, 0.14, 0.12, 0.10
L, Bbo 45 % [0.09,0.02] D% & 7= F MR TR
L, fil# seed ZEELT—HET VXL % v IV LTHETA
T LIZEID BTz, X512, seed #E Z 72 5 MM ERITEAT
W, E e RS GR35, UCB 2703 X 4D
PREOFEEIE =05 2 L.

, Ps) = (1.0,0.80,0.70, 0.60, 0.50).

6.3 ET—2ERFRER

RNHT =&+t v b RecGaze Du 7% W, (i) BHERY| P
(FABHES) & (1) 74 7 LMIE 0 27— 2 5B HX
NAMEHE, 7V v ZEECHREL, FOEFNL LETRFE
DY 7Ly MRS 2. AEBROHWIE, BIBERESH
WZED Pp VhEW CREMR ST W) R TEERINCH
Fleig 32 WS EH 1 OFED, EuHRODMATHBIEX
N2 MR T 2RICH 5.

RecGaze 1%, H1—E LB ULIZBIT 2 2—PTEENRE
L7z7 =&ty bTHD, 47 (eye tracking), 7V v 7, h—
VARE), BXCEREHOFAZZOEENR 7 4 — KXy
INREEND. 3 OOMERERX 227 12BWT, F1—¥iTHt
LTA40 EHO I — VEEZIERL, G5l 87 % - 3,477 [
DA VERT T a v tns 7).

a) MEH S

R, D=V ABE), 7V v 7Fou I oiE L-MEES
FEURTHo 7

(P1,...,Pi5) = (1.0,0.9031,0.8529, 0.7720, 0.6879,
0.2992, 0.2991, 0.2988, 0.2986, 0.2968,
0.2576,0.2574, 0.2563, 0.2531, 0.2432).

FZj=55564j=6T P "REETLTED, kM

REHIME SN 528, ZhUBEIEFEH 2T 2 H VB

BELTWS Ze2bh5. ZDXDRIRWMTIE, HEZEHN
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TEROVFRIIRBHOABIRAIC X D HEMNRIMET LT
{, FEBROREIHEALT 2 L HFEIN5.

b) B E

K =150, L =15 T = 200,000 ¥ L7. RecGaze 12"
LEE L (0, P) ZEE L, EFEEF—DE TV O T Tl
L7z, 2Z2T2Z VU 2EG 038747070 v 7 H&H
BHhoetE L. X512, Bl seed Z2E X 72 5 MM AITE
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Abstract  Shilling attacks pose a critical threat to recommendation systems, where malicious users inject crafted interactions
or comments to promote target items. Existing defenses can be categorized into explicit detection of fake users or interactions,
and anti-shilling recommendation methods. Recent studies increasingly focus on anti-shilling recommendation, which aims to
preserve the consistency of recommendation lists after and before attacks, rather than explicitly detecting malicious users.
However, existing anti-shilling methods assume the presence of attacks and focus on malicious suppression, which may lead to
additional computational overhead while potentially degrading recommendation performance when no shilling attacks are
present in the system. Besides, they lack generality, as the anti-shilling methods are designed for specific recommendation models
and training procedures, which limits their applicability and practicality in real-world systems where recommenders are
frequently updated and continuously evolving. In this work, we propose a counterfactual-based reranking framework for anti-
shilling recommendation. This proposed method improves accuracy by refining noisy rankings via list-based consistency when
no shilling attacks are present, and naturally suppresses maliciously injected recommendations when attacks occur. Specifically,
we construct a recommendation list similarity graph from top-K outputs of a base recommender, leveraging the collaborative
filtering assumption that users with similar preferences receive similar recommended items. This list-level consistency is used
to suppress anomalous recommendations weakly supported by similar users. Besides, we introduce a counterfactual neighbor—
based analysis that measures the stability of user representations by randomly masking neighbors during training. Users
exhibiting large embedding variations are regarded as suspicious, as genuine users typically exhibit stable representations;
meanwhile, in the absence of shilling attacks, stable representations contribute to consistent preference learning, therefore
improve accuracy.

Keyword graph neural network, collaborative filtering, shilling attack, anti-shilling, recommendation system

1. Introduction credibility of the platform.

Recommendation systems play a central role in modern To solve the problem of Shllllng attack, existing studies can

online platforms by filtering vast amounts of content and
guiding user decision-making. In recent years, a variety of
learning-based recommendation have been developed,
(NCF) [1]
approaches that model nonlinear user—item interactions,
graph-based methods [2] [3] [9] [10] [32] that leverage

user—item graphs to propagate collaborative signals and

including neural collaborative filtering

model high-order connectivity.

However, the training of recommendation systems relaying
on user-generated interactions makes them particularly
vulnerable to shilling attacks, a class of adversarial
behaviors in which malicious users inject crafted
interactions or reviews to artificially promote target items.
Such attacks can significantly distort recommendation

results, degrade user experience, and undermine the

be broadly categorized into two groups: detection-based
methods [4] and anti-shilling-based methods [5] [6].
Detection-based approaches suffer from two inherent
limitations. 1) Training an effective detector typically
requires a large number of labeled fake users to ensure
reliable performance; however, in real-world systems, the
proportion of ground-truth fake users is usually extremely
low [7], leading to severe class imbalance in the training
data; 2) Constructing representative features and collecting
sufficient training examples is labor-intensive and may
further raise concerns regarding privacy compliance in user
profiling [8].

Therefore, in recent years, increasing attention has been
directed toward anti-shilling recommendation methods [5]

[6]. Instead of explicitly detecting fake users or malicious
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interactions, anti-shilling approaches aim to mitigate the
impact of shilling attacks on recommendation outcomes,
ensuring that the recommendation lists remain stable and
reliable even in the presence of malicious behaviors. You
et al. [5]
recommendation. They proposed a GCN-based anti-shilling

pioneered the study of anti-shilling
recommendation framework that consists of two stages.
The model first predicts the probability of a user being fake,
and then integrates the predicted scores into the
recommendation process to prevent the propagation of
negative impacts caused by shilling attacks. Based on You
et al., Mu et al. [6] propose Trust-GRS, which estimates the
probabilities of users and items being fake by exploiting
training dynamics and interaction frequency anomalies.
Specifically, the method identifies suspicious users in early
training stages and employs a PageRank-based algorithm,
termed Shilling-Rank, to propagate fake probabilities over
the user—item graph.

However, their methods suffer from several limitations. 1).
These methods lack generality, as existing anti-shilling
methods are often tightly coupled with specific
recommendation models and training procedures, making
them difficult to transfer or deploy across different
recommendation models. Specifically, applying these
methods requires detailed knowledge of the internal
structure  of the wunderlying recommender and
corresponding modifications to the recommendation model,
which limits their applicability in practical scenarios where
the base recommender is fixed, proprietary, or costly to
retrain, and therefore cannot be easily extended as a black-
box component. 2). Existing anti-shilling methods are
designed under the explicit assumption that shilling attacks
are present, and thus primarily focus on suppressing
malicious behaviors. Therefore, when no shilling attacks
are present,

existing anti-shilling methods are not

explicitly = designed to optimize recommendation
performance under clean settings, which may introduce
extra computational overhead and may potentially affect
recommendation results.

In this paper, we propose ConsisRec (consistency-aware
recommendation), a post-processing approach that operates
on the output of a base recommender system. Given the
top-K recommendation outputs of a base recommender, we
first construct a candidate list-based similarity graph,
inspired by collaborative filtering, where users with
similar preferences tend to receive similar recommended
items. This list-level consistency provides a robust

collaborative signal that enables us to suppress anomalous
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recommendations that are weakly supported by similar

users. Furthermore, we introduce a counterfactual
neighbor—based analysis to assess the stability of user
representations. By masking neighbors during training, we
measure how user embeddings vary under neighborhood
perturbations. Users exhibiting large embedding variations
are regarded as suspicious, as genuine users typically
maintain stable representations. This stability signal is
used in a soft and model-independent manner, without
explicitly detecting or removing users.

Our framework is scalable and non-intrusive, because it
operates purely as a post-processing mechanism on top of
any base recommender. When no shilling attacks are
present, the proposed reranking mechanism improves
recommendation accuracy by refining noisy ranking results
through list-based collaborative consistency. When shilling
attacks occur, the same mechanism naturally suppresses
maliciously injected recommendations, achieving effective
anti-shilling robustness without sacrificing performance in
benign settings. Our contributions are listed as follows.

- We propose ConsisRec, a scalable and model-agnostic
framework for

post-processing anti-shilling

recommendation, applicable to various recommender
models.

- We exploit list-based collaborative consistency via a
candidate list similarity graph propagation to refine
ranking results.

- We introduce a counterfactual stability signal to softly
suppress the influence of suspicious users.

- We will further investigate the dual role of ConsisRec in
both clean and adversarial environments. Our preliminary
results reveal that even under shilling attacks, ConsisRec
achieves higher recommendation accuracy than the base
recommender in attack-free settings, indicating that the
proposed method not only mitigates the negative impact of
malicious interactions but also fundamentally improves
representation quality beyond the original model’s
capability.

The remainder of the paper is organized as follows: Section
2 reviews related work on shilling attacks and anti-shilling
recommendation. Section 3 introduces the preliminaries.
Section 4 presents the proposed ConsisRec framework.
Section 5 describes the experimental setup and reports the

experimental results. Finally, Section 6 concludes the paper.
2. Related Work

2.1. Shilling attack

Shilling attacks manipulate recommendation systems by

strategically injecting artificial user profiles whose
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interaction patterns are deliberately designed to promote
target items. Shilling attacks can be categorized into three
types according to how the attack profiles are generated:
heuristic attacks, neural-network-based attacks, and
gradient-based attacks. Heuristic attacks generate fake user
profiles by following predefined item selection rules [11]
[12]. Popularity attacks construct fake user profiles by
interacting with target items and a set of popular items,
aiming to maximize overlap with genuine users. Random
attacks generate fake profiles by combining interactions on
target items with randomly selected filler items, to mimic
normal user behavior. Recently, shilling attacks based on
neural networks and gradient optimization have gained
increasing attention. Neural network—based attacks
leverage deep learning models to automatically learn
realistic interaction patterns for constructing fake user
profiles. For example, PRec [13] formulates shilling attack
generation as a reinforcement learning problem, while
GOAT [14] adopt generative adversarial networks to
synthesize attack profiles. Gradient-based attacks cast
shilling attack generation as a bi-level optimization
problem, where approximate gradients are exploited to
iteratively modify the original data and generate the final
attack profiles. Neural network—based and gradient-based
attacks make defending against shilling attacks
increasingly challenging, as such attacks can adaptively
optimize injected interactions to closely mimic genuine

user behaviors and exploit model-specific vulnerabilities.

2.2. Shilling Attack Defense

Existing defenses against shilling attacks can be divided
into two categories: explicit detection of shilling users or
items, and anti-shilling recommendation methods that
mitigate the impact of malicious manipulation on
recommendation results. Explicit detection has been
regarded as one of the most straightforward defenses
against shilling attacks [15]. Early studies by Burke et al.
trained classifiers using carefully designed features
extracted from the rating matrix to identify malicious users
[16]. Bhaumik et al., proposed unsupervised detection
methods based on clustering and data mining techniques to
identify = fake profiles by exploiting statistical
discrepancies between genuine and malicious data [17]. Wu
et al. [18], proposed a probabilistic method to train a Naive
Bayes classifier on labeled data and infer posterior
probabilities for unlabeled users. In recent years, graph-
based detection methods have attracted increasing
attention from the researchers. Li et al.[20] proposed

SpDetector, which constructs user and item hypergraphs to

DEIM2026

extract spectral features capturing high-order interactions,
and integrates them with rating prediction errors to
accurately distinguish fake users from genuine ones.
Zhang et al. [19] proposes a user similarity—based graph
convolutional network (USGSAD) for the detection, which
jointly model user rating correlation and deviation to
identify malicious users without manual feature
engineering. Hao et al. [21] modifies the graph structure
by reweighting edges. They extracted popularity- and
rating-based user features, constructed a weighted user
graph, and employed a two-stage scheme with partial
labeling and regularized GCN to detect hybrid model-
generative shilling attacks. Despite their effectiveness, the
above explicit detection-based methods have two
limitations: 1) They rely on large amounts of labeled fake
users, which are scarce in practice and lead to severe class
imbalance. 2) Feature engineering and data collection are
labor-intensive and raise privacy concerns.

To solve the problems, You et al. [5] pioneered the concept
of anti-shilling recommendation by proposing a GCN-
based framework that estimates fake-user probabilities and
integrates the predicted scores into the recommendation
process to mitigate shilling attacks. Building on this idea,
Mu et al. [6] proposed Trust-GRS, which identified
suspicious users in early training stages and employs a
PageRank-based algorithm, termed Shilling-Rank, to
propagate fake probabilities over the user—item graph.
However, existing anti-shilling methods are model-specific
and assume the presence of shilling attacks, which limits
their generality and may introduce unnecessary overhead

or performance degradation in clean settings.

3. Preliminary
This section introduces the preliminary knowledge about

shilling attacks.

3.1. Recommendation task

U ={u,uyus, ..., ux} and I ={iy,i,13,..,iy} denote the
sets of users and items, N = {Nux| 1 < x < X} denotes the
set of N, , and N, = {iy, i3, ..,iy} consists of the items
checked by user u,. The goal of the recommendation task
is to predict a user’s preference over unseen items and
recommend those that the user is likely to click in the
future. Table 1 provides a summary of the notations used
in this paper.

3.2. Attacker’s goal

We consider the most common shilling attack setting as
You et al.[5] and Mu et al. [6], where the attacker aims to
boost the ranking of a set of target items IT. Specifically,

the goal is to make the target items appear in the
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Table 1: Notations

Notation Definition

e,’fx The output embedding of user u, at
k'™ GCN layer

el!; The output embedding of item i, at
k™ GCN layer

ey, The final output embedding produced
by the GCN for user u,

e, The final output embedding produced
by the GCN for item i,

Cy, candidate item set of user u,

Ciy candidate user set of item i,

Yu, risk assessment coefficient of user

Uy, ranging from 0 to 1, controls the
amount of information aggregated from
user u, during GCN propagation

Yi risk assessment coefficient of item
iy, ranging from 0 to 1, controls the
amount of information aggregated from
item i, during GCN propagation

Ty The risk score of the wuser 1wy,
represents the estimated likelihood that
the user is fake

T The risk score of the item i,
represents the estimated likelihood that
the item is a target item

recommendation lists of as many users as possible.

3.3. Attacker’s capability
To avoid easy detection, the number of malicious user
profiles is limited; by default, same as You et al.[5], the

injection rate is set to 1%.

3.4. Defender’s knowledge

We assume that the defender only has access to check-in
data, without any additional side information. Besides, the
defender has no prior knowledge of the specific attack

strategies.

4. Proposed method

This section introduces the details of the ConsisRec. As
illustrated in Fig. 1, the architecture of the proposed
method consists of three parts. Stepl: The model initializes
user and item embeddings using a Gaussian distribution.
The shilling risk 7, /r; of user and item is initialized to
zero. Step2: Through risk-aware graph convolution
propagation, the model produces the final embedding
representations for users and items. At this stage, we first
construct a graph structure based on the candidate item sets
(Section 4.1). We then perform risk-aware neighbor
aggregation, where information from suspicious neighbors
is adaptively down-weighted during message passing
(Section 4.2). We further apply a counterfactual masking
strategy that selectively removes a subset of neighboring
nodes to evaluate the stability of user representations

(Section 4.3). Users whose embeddings exhibit pronounced
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sensitivity to such perturbations are regarded as suspicious,
whereas genuine users are expected to maintain relatively
stable representations under counterfactual graph
structures. Step3: Based on the user and item embeddings
obtained in the second stage, the model computes
preference scores via inner products and generates the final
recommendation list.
4.1. Candidate-Induced Graph Construction
For each user u,, we first produce a candidate item set C,_
using the base model by returning the top-L items, where
top-L >>top-K. top-K denotes the number of items in the
final recommendation list. This ensures that post-
processing module training from a sufficiently rich
information to mitigate shilling attacks. Based on these
candidate sets, we further construct Ciy for each item i,
which consists of users whose candidate lists include item
iy.
After that, we construct a user-item graph G = (V,&) that
connects users and items based on the candidates.
Specifically, V denotes the set of user and item nodes
while € is a edge set, is defined as Eq. 1.

E={(ux iy)luy € Ui, € Gy} (1)
4.2. Risk-aware GCN propagation
After constructing the graph structure, at each GCN layer,
we design user and item representations by aggregating

information from their neighbors, as formulated in Eq. 2.

ek = Vi, ek-1 )
iy€Cy, |Cux| * Ciy|
= Y el
uxECy, |Cux| * Ciy|
, where k€ {1,2,3}, e,’{x and e{‘y represent the user and
item embeddings produced at the k™ GCN layer while ef_
and e?y represent the initial user and item embeddings,

respectively. The term 1/ |Cux| * C[y| serves as a degree-

based

propagation and mitigate over-smoothing, where |.|

normalization factor to stabilize message
denotes the size of the candidate-based neighbor set. y,,
and Vi, are risk assessment coefficients ranging from 0 to
1
corresponding computation is defined as Eq. 3.

Yu, =max (0,1 -0(B*1,)) (3)
¥, = max (0,1 o( *1,.))

, where f is a hyperparameter that controls the strength of

, where 1 indicates a fully trusted neighbor. The

risk rux/riy of a user/item node. The risk scores 7, and Ty,
represent the estimated likelihood that a user or an item is
involved in shilling attack. o is sigmoid function, used to

smoothly map the estimated risk into the range 0 to 1. As
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Figure 1: architecture of the proposed method

the estimated risk increases, less information is aggregated
from the corresponding node by inversely weighting its
The update
details of the risks 7, and 7;, are described in Section

contribution during neighbor aggregation.

4.3. After the model outputs the high-order user and item
representations, we aggregate all layer’s outputs by mean

pooling, as Eq. 4.

X (4)
— k
eux - akeux
k=0
K
— k
e,y = a’ke,y
k=0

, where a is a weighting coefficient fixed at 1/(K + 1),
with K =3. e, and e;, represent the final embedding

representations of user u, and item i,.

4.3. Counterfactual-based risk estimation

This section describes how we quantify and update the risk
associated with each user and item based on the
counterfactual stability analysis. Specifically, we leverage
the sensitivity of user representations to counterfactual
neighbor perturbations as a risk signal, where unstable
embedding behaviors indicate potential anomalous or
unreliable interactions. On the user—item candidate graph
G, we first perform S times independent random edge
masking operations. For each mask step s, we randomly
mask 30%

neighbors as absent, and generate the counterfactual graph

of the edges, treating the corresponding

Gs. On the counterfactual graph G,, we apply Eqs. 2 to 4 to

calculate the user and item embeddings under the

counterfactual setting, denoted as e, s and €,

We then compute the embedding sensitivity magnitude

Aux/Aiy by using [, distance as defined in Eq. 5.
Alternative distance measures, such as KL divergence, is

left for future work.

1 S
Aux = Ez”eux - euxrsllz
1

S
Aiy = %Z ”eiy ~ Ciys
1

We maintain dynamically updated risk scores 7, and Ty, -

&)

2

After computing embedding sensitivity magnitude, we

update risks using exponential moving average, as Eq. 6.
1, < an, + (1 - a)i,, 6)
r, < an, + (1 -l

, where a ranges from 0 to 1, controlling the smoothing

strength.

4.4. Preference Scoring

Given a user u, and an item i, along with their
embeddings e, and e;,, we compute the preference score
using the inner product, which is widely adopted in GCN-
based recommendation systems[30] [2], as Eq. 7.

Ty = €, €4, ™)
We return the top-K items with the highest preference
scores from the candidate set as the recommendation list

for the user.

4.5. Model training

Pairwise ranking objectives are commonly employed in
implicit-feedback recommendation scenarios. Among them,
the Bayesian Personalized Ranking (BPR) loss has been
extensively used due to its effectiveness in learning
personalized ranking signals from implicit interactions [9]
[23]1[22][33]. The BPR loss adopts a pairwise optimization

strategy by sampling negative items for each observed
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user—item interaction and encourages the model to assign
higher preference scores to observed (positive) items than
to unobserved (negative) ones. Instead of drawing negative
items solely from the set of unobserved interactions, we
further refine the negative sampling process by excluding
items that appear in the candidate set C, , same as Mo et
al. [10]. The resulting training objective is defined as Eq.
8.
Lpe== Y tno(my —rm) tullelr  ®
(U, Ly, L)ED

, where D = {(uy, iy, iy)|iy€Ny , ire N—Ny —Cy}. The
parameter set @ includes all learnable variables of the
model, while u controls the magnitude of the
l, regularization term used to alleviate overfitting. Other
loss terms, such as regularizing the embedding sensitivity

magnitude Aux/A,-y, are left for future work.

5. Preliminary Experiment

5.1. Dataset

We conduct experiments on the ML-1M dataset[24] [31],
which contains 6,040 users, 3,952 items and 1,000,209
ratings. Data preprocessing is performed by ARLib [24].
The dataset is randomly split into 70% for training, 10%
for tuning, and 20% for testing. We directly use the
preprocessed datasets provided by ARLib. The dataset

statistics are summarized in Table 2.

5.2. Base Recommender System
We choose LightGCN[2], a representative and widely

adopted recommender, as the backbone model.

5.3. Attack and Defense Method

With the help of ARLib, we conducted preliminary
experiments to validate the effectiveness of the proposed
method under random  attacks. We used the
recommendation results of the base Light GCN model as the

baseline for comparison.

5.4. Hyperparameter setting

Our method involves several important hyperparameters,
including the size of the candidate set generated by the
base recommender (top-L), the exponent B that controls the
strength of risk-aware aggregation, the number of masking
operations S, and the risk update exponent a. We set the
candidate list size top-L to be twice the final
recommendation length, i.e., top-L =40. B is set to 0.7. The
number of counterfactual masking operations S is set to 3.

The risk update smoothing exponent a is set to 0.9.

5.5. Metric

Following You et al [5], we recommend 20 items for each
user. To evaluate recommendation accuracy, we adopt

commonly used metrics, including Recall@20, and

DEIM2026

NDCG@?20. Comparing recommendation accuracy with the
base recommender validates the effectiveness of our
method. Besides, to directly evaluate anti-shilling
effectiveness, we measure the Target Item Exposure (TIE),
defined as the number of times the target item appears in
users’ recommendation lists, where a lower value indicates
better defense performance.

In this preliminary study, we compare our method with the
base recommender in terms of recommendation accuracy.
The evaluation with additional metrics TIE, more datasets,
additional recommender models (e.g., NCF [1], NFCG[25],
NCL [26], SimGCL[27]), stronger attack strategies (e.g.,
DLAttack[28], GOAT[14], Pipattack[29]), comparisons
with state-of-the-art anti-shilling defenses(e.g., Anti-fakeu
[5], Trust-GRS[6]), and directly applying ConsisRec to the
base recommender model are left for future work. Before
launching the attack, we randomly select five unpopular
items as target items and generate fake users accounting

for 1% of the number of normal users.

5.6. Experimental Results
In this section, we conduct a comparative evaluation
between the proposed method and baseline methods. Table

3 presents the experimental results.

5.7. Comparison between ConsisRec with
baselines
Compare Light GCN+RandomAttack with LightGCN, under
random attack settings, the performance of the base
recommender is affected by maliciously injected
interactions. By contrast, even in the presence of shilling
attacks, ConsisRec achieves notable improvements over
LightGCN, yielding relative gains of 2.11% in Recall and
2.35% in NDCG. These results demonstrate that ConsisRec
can naturally suppress anomalous recommendations
introduced by shilling attacks, while preserving and even
enhancing recommendation accuracy. Notably, ConsisRec
treats the base recommender as a black box and relies
solely on the candidate sets it generates, without modifying
the internal structure or parameters of the base model,
which ensures the proposed framework with high
generality and makes it readily applicable to various

recommender systems.

Table 2: Dataset Statistics

Dataset #user | #item | #interaction | sparsity
MovieLens | 6,040 | 3,952 | 1,000,209 95.81%
1M
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Table 3: Experimental Results on MovieLens

Model Recall NDCG
LightGCN 0.2563 0.1996
LightGCN 0.2545 0.1992
+RandomAttack

LightGCN 0.2617 0.2043
+RandomAttack +2.11% +2.35%
+ConsisRec

5.8. Comparison between ConsisRec with Anti-
fakeu
You et al. [5] reported the Recall and NDCG of the base
recommender and Anti-fakeu under shilling attack
scenarios. The results indicate that Anti-fakeu degrades
recommendation performance, leading to lower accuracy
compared with state-of-the-art methods. In contrast, our
method achieves even higher recommendation performance
than the recommender trained without shilling attacks,
highlighting the ability of our noise-filtering—based

approach to improve recommendation accuracy.

6. Conclusion and Future Work

In this paper, we propose ConsisRec, a scalable and
model-agnostic post-processing framework for anti-
shilling recommendation. Unlike existing anti-shilling
methods that are tightly coupled with specific
recommendation models or training procedures, ConsisRec
operates purely on the output recommendation lists of base
recommenders, enabling flexible deployment without
modifying model architectures or retraining processes.
Preliminary experiments show that ConsisRec improves
recommendation accuracy under random shilling attacks,
achieving performance gains over the base LightGCN
model. There are several promising directions for future
work. First, we plan to evaluate ConsisRec on more
datasets and additional backbone recommender models,
including directly applying ConsisRec to the base
recommender model, to further verify its generality.
Second, we will extend the evaluation to stronger and more
sophisticated shilling attack strategies and conduct
systematic comparisons with state-of-the-art anti-shilling
defense methods. Third, we will incorporate direct anti-
shilling metrics, such as Target Item Exposure (TIE), into
comprehensive evaluations to better quantify defensive
effectiveness.
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LDARERWZ DL ZNHETH D, Z I TAIKETIE, F—23 D~ FXF 4 7 e WL TH L@ E 21T %
fE, $RbOBAVEITI7T 4 THEPHROE WS ZEIEHL, LAY —HEOEBIC L > TE LN A1HE (FE5R
ifi) DEETH2LEZ 5. BIRHICIE, Steam Web API A SIINE L2 —HF L b a—IIcx L, /MNEESEET L
WEoTRILFREL TCWS L a—HLE2 V-7, ZOHTHET2HALREMEL LTiHT 5. 2L
T, ZhoDBAICE DK DIAARSZHEL—FDPIBETE LS — L HES 2T 22 BET 5. PEREERTIX, 4F

RS 2 HoZBR DI DR T ERRERNL S 2T 2DV T SIZB L TIRED KR - 7.
F—T—F F—siiE, BEMiE LY a—2a, IIREEETL

1 1L ®IC

EEERED—@EZMW > TWB 5 — ATBIZBWT, {ERD
F—U—FHRRTETS—20REZIRIONT, ZT—F2KD
TV — 22RO T I IZRETH 2. FFIC Web R
TUE, BHEOMERS — RN AR &2 v o IR L R WARE
BR—VEEZLEGEATLES. ZOREICILT 3 70120
=TI, =23V F AT 4 7 e IR L TH S 2 E %= 2
GBI, $hbbA YRS T 4 THAEN[12] VS ¥
WHEHEL, Y—20KREERZ 21201%, ZOmMEBALZA
HEOFEHIC X o TR N A MlifE (REHMtiE) »NEETHZ L
EZ7-.

BEMIE X X, 1990 FEKRICar 7 BV RR R 7 —L
@ B. H. Schmitt I & > TIRIBE Nz~ —7 7 4 ¥ 7 FIROM
RO THY, —BENC 5 D DHMEHAEERE S 2 — L (strategic
experiential module, SEM) &IN5 A7 T VITKE S 5HH
EhB. 20 5o21%, SENSE (EEMHIE), FEEL (I&H
HIETE) , THINK (BIERIEE), ACT (B41), RELATE
(=) TH%. SENSE ZHE, ¥ — L THIUIFHTHE -
FEROBEZERNRFBIC X o TR 5N 5 HlfETH 2. FEEL I3
BOBZICL > THOLNBMMETH 5. ZAUIFMIC X o TH
fHIT &R W T H 2 HEN RS2 5. THINK AL
FODRPELELORIBIC X > TR ONBMETH 5. ACT i
He OEMPE LTz &, EENRACK, 51T 4 7R
ZANDEIZ K> TH SN S, RELATE TlIMhE X 0BH
DERDZHREM-T 22, BUCHIET 2 Z 212Xk 3%0
WEoTHoh3.

FAS (7] 1, FANCAFTIER L 25E % Vv R tE
ELEa—XhoHlL, 75— o0z et URREAN Y
X, flx01—FORBRCHEHT 27 — 22 HET LR

TLRRR L. 20T, HERMEOEIFICZI—YF L L a—
ZERL. ZoOBEE, 2—FL a2 ‘BN TS
BV 2 2 O FBHZFHER “MESTIVWTLEo 7 RED
BIENRXENE TN TNT, Ih51ds — L DRERTIE %
LTW3, W52 Th53.

AWIFE T, Steam Web API 2 5INE L2 —HF L P a—
RGN EFEE 7V (small language model, SLM)
Qwen3-8B' 2 HWT, 7 — ARERIC B S 2 REERME O B 2
32, BEFETEE V22 o8RAZHMEL, A—Fk
MO TR Z FOBUNR L2 BRI 7 — 7T 5. 2D
LEa—8NERDIRT e TR V- T 2R 41—
fRILE 8, BRI R LBl T2, &
DEFLNTBREZR D IAAFMEEZIEETE 7 — LB X T
LERET 5.

FEBRMIE 2 Bl m e LCHil 3 2 2 2, BH S [10] oW
OEMEEZETVS. EHSIE, BRXRZDL Y 2—55 Google
Cloud Platform @ Natural Language API*ZFH\WT=Z> 7 4
TAaERMEL, VT 4T 4 OGWRIUESNTI I RAXY
YLy T 4 T4 HEDS, av A VEMUECEOERS
FAXDORFFE2BR LTHE L. 2L T, Zho0#A
ERDIAARZEE LTA VR 72— RFRT BT, MBS
DR ER A ONDHE S X T LR HRE L.

F7z, L a—FNIPHS 6] OIS b BEHEBE TN 5.
hHHIE, REWREEEE TV (large language model, LLM) %
AWTLta—2oBlR izt L, BEULTHh28IA -
FHHD 2 F AR ¥ T RITo . & UTHIR Z & ICEHii 2 0 i
M 7=REMERT 2 22T, ANDOERZEICHERRHCrMmEbi
AIRER Y AT DRI LT

1 : https://huggingface.co/Qwen/Quen3-8B
2 I https://cloud.google.com/natural-language?hl=ja
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OBRE T zv 7Ry JATEIRTELZ X5 UL ZEBLT
w3,

MRGEREEIZXK 3 0D, EMoOHES -2V AT 7
CHEROF — AFMERZ ) 72 Tw5b, =AY R b
TYUTTIE, BF—2DEA PNy X—[f, FEIRL-B
ROIBb—HT2HDD—H%Z 1 DD X NVEERRT S, Z
DARINDOVTNLEZ Y v 7T 2 e HEMERTY) 7E X
b 3. FHERTY 7T, & —L0HHLHE - 227U —
Y¥avy b, Z—YINERLZBEDI B—HLdDERR
T5.

3.2 F—Rtvk

A TIE, Steam 23K THAL TV 2 Steam Web API
DLV a—ERIE URLY W7 7R LTHEREZZ—F L
Pa—%HW/ L2L, BHE Steam TR TWB 5 — 0 %2
THVDIFHBENRKETE, ERHIRADRVT -2 &2 A b
IEFEMDEE L 7zd, SElE AAA 24 PLEEHLTWS
PESLHROELUEE,ISLFHFL TNVDET — LKA PILOHT,
L 2B 10U LEHE 74 T DAY IAAEITo /2. Z

3 ! https://radimrehurek.com/gensim/models/word2vec.html

4 ! https://partner.steamgames.com/doc/store/getrevieus
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T—LRRE

DEIM2026

SENSE (&, FICRY - BRICBY 3 HE)

FEEL (iEICBIY 3 {E(E)

RIFECREORSE

BEIXE DRES

NAZ EMEDRE

FEIRLI-BS
o FEIR )
BHEARERIUT
BARTRE

VIZEREAD DN DR T &

EDMEF: ¥~V EDaTFIA =)~

INFVREBANEDT =L

A=0BT—IPBEEHULIE. ARNEBRLE

BRIFE RN FEESRIR RIS

ENROHE. Fr I8 —OFABETaATIR
. TLTENFLRERNNLERISEENZIVT

ETa7ICREEDNF R

IVICERZEETREIL-TTT,

BRTU7 AT Y7

2 MREHEODOLA 7Y b

y—L—%

ESEDIFC S

ey
Puyo Puyo™Tetris®
—¥y BFBoOYFE-+ @EAT
8=
Fo2avENXNOBE

BHRBE/N ...

Stellar Blade™

—¥73 FrIV8—DF=X—> a3 RHBICAT
B 2 HENFE. .

12920)‘&( 5

T=LIZDOWT
—¥7 380  BEIENZL

Hr— I Rakx ) T e

HESEDIE<
51 & BAY —LOF - RETREM ZBR L 224
TLAER TBRER) N7 RRYFv—T
¥ TLAV—EZRFHEFEEMDIIL—CHD F
BE LIRVWRED SO EBIEL 7.

TEHIC, BRBVWIEDH B

—H L8R

BRAE/ZL 1218
A== BAZNXHAZIR : 2@
2 b =U— 2 AXNORE 1 4{E
ZRLRTY—/SZI : 118

HEFE®mRTIUT .

X3 MEMREMDOLA 7Y+ (E{ROHE : Steam)

DFER, 24 FUEIX 1208, 2L 2 —513 9196 ¥ 2o 7=,

3.3 LEa—S£Hu0g

RETIE, WELZL Y a—F =X ofaieit LIERS
AT LCHE LTSI T 3 2038 (K1 0Zf)D 22 W-TahiA
T3, TR AT LMEHREIC2 2 S TORTLHETH
5. ZIZTRHPHSDEITHRE] 22EIC, H4ITREh2
5 70t An6R2MWMEITo7. 5 20 BRIV TIT
% SLM (Qwen3-8B) ZHIAL TW\5.

3.3.1 BlRrFHiizHit e SEM ANDHH

3.2 TIELEZL Y 2 —% 1 25D Qwen3-8B IZ AN LR
BRE % B L ATl 2 W S TR U7z, BRI — 2 OREER(E
ERTEAZLE2—20KEH L1 XTH Y, BlRIZFHE

PRSI TH S, K51E, DUEoNEO—FITH 3.

3.3.2 HEDOY T —TFADEH

Tut X 3.3.1 THHLZBAZ Qwen3-8BIZAIL,
TVWEFREZLTVWAEHDRLE 1 20% 77— FICENT
5. WO 7u— 3K 6 DEHTHY, BEZ FAXY V71T
Bl IR EATS.

BEMZiE, RV R M EEERE (BEIZ 25 ) O/NMES
KXY, B/NEED S Qwen3-8B ZHWEZ 5 AR Y V7
Ko THER LN —=THEMDIL, 1207V —TH) X
FEES. 2OV X MEERBEIERICXYID, ®iTREEFRERC
IIRRY 7T BV ERDIRL, RAIC—RINR S
N—=TZIZLTWL. 75 RXY) Y IRERICEEA R s hk
Ko B THR LN IN—THEBRENRY TN —-T L E
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1.  LEa—ho@m&FiiztL, SEMCHE

DEIM2026
ELEa-F—% BRUAR BRORED | FARTITVT _y5o ne
EEHRY T Ak EEXROBNE) T FE O
SEMSEEAEE T — & REE CEEE® S

2. BRMSHITIN-—TERYTIIN—TICHE

3. B & il 2 BV TRPES AR

4. FHESCH S REHES )L — T 2 ER & T IV —TICH R

{ BIUN—TREESBRT—R
[ BEHES L — TR BABBRT — 2

5.4 7 /BLEHES )L — T OBEAXEM & U )L —TRIETE

BERABRRT—&

|
|
|
)
)

[ I —T ORI E &I N —T %

X4 Lba—$0EO2KRK

ALY —DETETZRUE—TEVD T, mdEANTELATVS, Ah—U—PFy
SOR—ICRLERHDNB VD TRGENTWS, modbRICBHTELW, 751>
HAOMdMEERENG 54 | RRT B LIVDED BE5L - DA—H—IFZ DDHEK
DEVDTES 5, SORE T HELHBZDTRULH, TF—4

### prompt ###

Bernd H. SchmittH“EME L7 AT ORRMMEICED S ANL E 2 —XH SERIME
QAT —LORHERIESS, T5ICTDOBRAICEY 3 EARMLETli% bt
LTrEEw.

HRfld 17— LABR+HIHMENRR £ LTSV,

FHilE L Ea—ICREINTVWRINEZDOEFRSHL TSV,

i RERMAAE #a
e

"SEM": "FEEL" "SEM": "THINK"

"viewpoint": "X b—U—®F v S IF—DFH", ||"viewpoint": "modsiCLBDHIXET A AMKL
“evaluation": "X h—U—%F v S UH—IIRKLT | [HERME",

RHZVDTRGERTWS, " "evaluation": "modbEICBETELL. "

5 LB a— 5B &FHifiH o B

£TL. 2Ok, BEEELNIY T IA—=TITHHELTWL.
X 7 3 DD BB TH B .
ZDEIRFEEM-72DIX, Qwen3-8BDar7x A E
FROFTCHRZL 2 -8 T 2720 TH 2. 9000 L E
DLt a—%foTtwadr oy vparsy3x 2 v ELRER
BRTLULED 2T 5% 0. Mamba 2] REA YT F R
FEERBZEVEFALSH Z, TrY T FBETETHHM
FBER EIEZRADRNEEZT. £/, Qwend DEEE— K
ERIRENIER T 3120, 79 RAX Y ¥ ZIREBERNCITONE
THdrER. ZORIF, HEBEHNVMEOLE2—-%2f>oTWw
e BbhaHIHS (6] OMETIRA SR> =HHTH 2
YEZTWS.

wE1

=1
Bl IN—T2-1
g gl A3
=1 =1
| |

M6 BAOYITIN—TNOEHTO—

HHE prompt #H#HE

IATFOASFHE) R M, F—LLEa—DSHELIEHDTT.

FHEi) X b D5, MTWEERE LTWAXERTZFEDHEEIIN—TICELT, BYBITIL—T4
EEMRLTIETL.

BIN—TERARZOXEZEET AL SICLTILEEL.

HERH (E2a7L
+HIR)

RDRETUZREIVITTS

WRER - I57 190
S I fER

B8 - K1 2RR

X7 27— TR B

3.3.3 FHESZDAERL

3.3.1 HiCHIH U7 BUR ¥ Ff 2 8P, BARLRHATE X 24
T 3. 3.3.2fiTIEONLY TN — 7 L IELGHE D%
H21T5. FHERNTIE, FBEAIL—ToHceo k5 R
BB 2 D& BERITRT 72D T2 5HlE 1 SUSERN T
5. LaL, fMliosZ#H L CENT 2 L ERIAET 25
EH5. X, T77 7490 IA—T0dBEHITHL
T Nond o) 2 W3 EHlid i X /=358, THYSSE ) s
52 Twnd o) WHElie ['7—hRZ AL T2 Tn
WHD | LW 1 DICE L HBERETIIRVIE. 22
TEMli 28T 272012, Bl iHiiz 1 30T & D72
BLEa—XEERLEZ. K8iE, UEoMEo—FlzHRL T
w3,

“SEM": "FEEL",

"viewpoint": "X b—U—=RF v S IX—DRH",

"evaluation": "ZAr—U—®FvSIE—ICELTRIDZVDTRGERTWVS, "
TTT— 4R

### prompt ###
UTFRT—LlEa—h ot LIRS EHiETY.

STfi: {evaluation: RIfTAETL Ea—h SikEH LI-5HE}
Ho CFHEZE DRIFTHAE L LTERRBEON ZER L TSV,
BELCRBEDFET BHEIE, 12I2FeHTIET L.

¥

"eval_sentence": "Ab—U—PF v I IX—IIRHDBHD. BLERMNANZ VWD TELS

WARTWD, " Eligvg

X8 FEAMiSCAE R D BRG]

3.3.4 FHESZ OFLGEHE 27 L — SN DEH

3.3. 3 HITAHM L 23 iEsC 2 FMA LT, 3.3.2 Hix FEkICH
CEREEZ LTV EFHESC L L, BEEHE S L — 7% 2 EUS
T3, Z0tk, BELFHEZ N — ST 3.

3.3.5 JN—TFOHHNDER L IV —THDEIE

¥ 77—, FHLEHE 2 — P IC oW TERH RN 5T 3
ZET, YOXIRBENYT —2FHET 2D —F DR
TEOEMMT S, 2ok, BohHIAIcEINTIIL—
THEID =TI HIRTVHDIMEIET 3.
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4 WERERR

AEITIIREY AT 2 ZE O WREFERONE L ER, *
ST 2 ERERNRS. EHRRDFAE 20 % (B 24 3 A,
AR 8N, FHB 3 O N) OB ERTIRESRT L%
AW/ EEBE2ITY, HRE2EE L.

BB FERRNFELURD 2 0 TH 3.
(rf—Aﬁ%®ﬁm£ﬁ(uT,%m%ﬁA%—————\
RERATLEZHVT, 3003 F VA ihokr —s%
BRI, & F VAR TRIERS AT 4I12L3

o — DHERE 2 S 2 BRICEE T 5. y

KJH-J—%EU%4®ﬂM£ﬁ(uT,ﬁﬁ%ﬁB%—\
BERIZFLADA VR Tz —ABEIURI—FLY 74128
T2HEMICEET 5.

J

4.1 F—L¥BOITHMEER

4.1.1 FEBE#HE

FHMSEER A WICBWTHWA S F IV AIER1 D3I OTHS. #
BEIZE STV Ao TIRES R T 22 AV THT T 0 2 &
U275 —L%2WRTL. HFREISESF VR 727 — o8
BT RTRT LIKICE 2, 3D 5 EBFEY v — FREICEBIT
BEHTHOERNCEE T 2. 2D 2 00RITBRS A7 LICTH
WS B o 2 HEICB T, AR RMERE S © HEE RS R
WS 25 Z S0 2DDTH 3.

£ 1~3 DIHHIZEH S [10] DHFFEICHE DI NVTHRE L2

£1 32075 —LFERIF VA
No. SF IV FDONE
1 | Bh7E, ZLVEY a7 e Yy RORMEEELADD,

DEIM2026

# 3 FMIi%EER A HEERER BT 2 EEE
No. BRINA
HEE X N7 — 2B FEBSEO o0 e L e b
WE XIS — L3RI A -T2
WEXNET —AEEDTICVWEIEL KU 722
FENIE R 20 & Z D& — B DRHED 3 - = 70
BIRLU728E L LY 2 —XHNORYERTIEE L 0z

Uik | W N |~

—DTH % —IFARD Wilcoxon FFE5F ZNERAME (one-sample
Wilcoxon signed rank test) & W7z (BUF, HIZ Wilcoxon
RS ERARE &IPS .

AR (Ho), MR (Hq) ZRD &K ST,

~ IR AR (Ho) ~
REMOPIEI Y v h— P REIRBIT 2HROME 3 ¥ %
L.

N J
(/ﬂﬁﬁﬁ0£) ~
BHEMOARREIZY) v h— FREIZBIT2HEROME3 LD

HREV,

J
AEETE, BAOET - X e EARORKRMEL Y v H— b
REZBTZ2HROM po =3 DEPLFIART 2RD 3. =
D T 5% Wilcoxon 5 BN 1% E 8K [14] (B 2 EHIRSE
ROy 2R EEHT S, Thbb, BEMOHRMEIZ
o D DBRKEFVEHERT B, AT A X325 X B5EIX
T ZRWTHIOFER2RKD 203, ABIZL TR S EAY 4 X2
25 IR D72 L oHIWi2 1T - 7z
4.1.2 FEBHER
£ 4, 5 IFFHIISEER A DB F VA DFRERL TS, £
D FPOVTVD TIIRERH 2R T 2 2L ZRLTWVA.

WEEICRATE 55— LB T LA LEVWEEZTVET. % R4 FHIFER A R 2 O OEZERR
DEIFTHTEES K527 — L& L ORL TR, No, | ZFvA1 ¥FVA2 ¥FVA3
2 | BRilE, EYVaTAEH VYR, YEEOBRAKD LD AR T AR T FHIR T
B, LAY — et RS TEBS — AT, < LF 1 T < 47 *0.0 T <47 *0.0 | T L4717 *4.0
FLATHE-DDRDRABLEVEEZTVWET. ZOEMFIC 2 T<35 | 3.0 | T<35| *245 | T<35 | *13.5
HATREL LI RT -2 1 DL TLEE W, 3 T <47 | *6.0 | T <53 *0.0 | T<53 | *19.5
3 | BRI, Ah—V =Xy I x—pTECHPNDD, 4 | T=47 | *00 | T=53 | *45 | T<53 | *100
P2 B U= RARKIRSH D, HhDOIR T+ -2V R 5 T<60 | *0.0 | T<41 *0.0 | T<41 | *10.0
BEWF =B TLA LEVEEITVET. ZO5KMICY
TWEED OB =% 1 2B L TLIZX0.
#£ 5 FHlligER A & 3 OEROHEHER
No. ¥FUF1 >FUE 2 ¥FUF 3
£ 2 FHlFEER A HESMFICE T 2 HEIHE BEHI, T FEHI, T FHM T
No. HRENE 1 T<35 | *30.0 | T<47 | *18.0 | T <47 | *26.0
1| BRI o 72 2 T <30 375 | T<41 | *23.5 | T<35 | *16.5
2 | BRI YR TN 3 T <53 *6.5 | T <21 24.0 | T<30 | *11.0
3 | R BRERATE 4 T <47 *2.0 | T <60 *45 | T <53 *0.0
4 | BRULBR B INS — 2 EBER D - T2 h 5 T < 47 *6.5 | T <53 *3.5 | T <47 *4.5
5 | BIRLEBAEZOF5 — 2 0RMERKMTETVWS KU 20

HYFVADR2, 3OMER, /85X MYy 2 RED

#£4,5%0, FVF1TIE MBEEZDLDRT o720
THERS 7 — A KIC Ao 72000 OEMEEHTY vy —MRED
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HIRDME po = 3 LIXEREENALNT, ZhSOEMIEE
TREEEMPRON. > F VA2 Tl HEIRES -2
RO WRIEZ & U ) OBMEEHTHEREENRON
3, ThLAOBEMIEHTEEEP R ONZ. > F U4 3 Tk
LTOHEMEHICBVWTEEEN RN

4.1.3 # %=

SHFVA 1T RSP DR TroTzb) THEEIHT
F— NI Ao Tzh) O 2HETHRER R T Z LB TER
Motz WHEISE LI PERETHHIRE LTEON
72DT, ZORPLED ISR EDFER LR DD EELR
5.

AP DR T ol W05 ERIHE & BEE?H 5
BRrxLT
o IZEMREAKE © VEOHEE ) ZHIOIRELEL

7203, Eo b Rz EBICHBRD Y OET L BIEN D B D)
MR Y IS5V hRe KU F L
o TEREEADEAL IKDOWTHRL LS & LD, REr %
AIKER) , TYIRERBL - WAER) = NRAZWEE) 7R
CEOBREEDOBANZ L, B LR o7,
LWVIHORBLNT. ZHILE 2 — o LRSI
Y2 OPREIT>TLEY, R LTHdhI5 WA
RoTLE-7DEEZLNS. ZDFKE LT, Qwen3-8B
WHREBREE I DWW T o el e Fil 8 b high o ok, F
U kI RFRE L TOWABHOENPTEL TV S ENEZS
nas.
HEE X727 — LIRS A - T2 LTI
s HMEINTFT—LDBEDISIRBONE-> R ThhbE
LRV U, BlZIE, =239 % YR EIE56I%
TRRLIZDT DL, VAR —220PHB LTV

o HOMWEARS — AHFENIKMI N TWIRNWST — LT
Hotztz®, 7= LOEEER S TV AICH BFEBEOEH -
Py FEFMTERNI 2 IEREICES 2.

RY, HEIN S —20RBFICELTHENRERNRS

N, £/

o BIRTIBANZVEELT. 2070, BIRTNEEHMA
PRI LI LFREER->TLEY, o085 XZKET-.

o BRENZL, BLIZ W

7Y, HETOMBICHEL CHEEMNREANR SN

SFVA2ITBVTD HAESL DR T oz THEE
ENFT —LERIC A7) D2HEBREREEIRONZD
DD, FEHR L MEFGR T  OEMMUOERIEE ¥ gL T
INEVIERICR 5TV,

SF UK 3 TR MEINS -2 2RRC T LA Lizne
KU 7200 OBRIEE, F|HIKY T ¥ 0ZEPMMOEMIER &
B U TN WS BRI R o 7. ZOIHEIZE L TE L M L 7=
BERED 1 DDERY LT
. (ZAb=V=F¥x772—] LVHIBREHERLIZE Z

2, LEa—X TN LER coB ST T
Wiz, TS5 RAETHOY — AHEENMTbA 2 LEZTH
72H7 LTEF vy ST U7

DEIM2026

WS FRDBH o Fo. FERRICS ENIRIERE 2 RS ICER
WHEITo72DT, 2TT 4 TRERND A A2k >TLE-
720l EZoN5.

UED 320 >V ADMRERET 2, Blafmticsly
BZRIT 4T XHT 4 TDT74NRY V7, RERES B
R7SIMOTaY I T4 v IR T 7 A v Fa—=v T, BE-
MZEFERETTOKRE 2 RIER L FMEROSHIE, 25D
MR BB % K BETT 208N D 5.

FHERER B

4.2.1 FE B E

—BEINC ULIZS AT 22T 2 2 2 TROL PHEERER
MEZ L, ZHUE UL 0FEEHICKUT < Z 23 L2 Ba ik
LTCWBAREMER S % [3]. ZD7=, FHliEER B TIldHRE
BB AT LADA VR T2 —ABLUZEDLI—HF LY T4 %
S 272, #£6, 7 DERICHEET 2. BRIAOEZEZ 5 K
BV w B — PREICBIIZFHETH 5.

6, 7T DTEHED, FHMIZEER A L [FERICERS [10] DRFZRIC
FHOWTREL -

4.2

# 6 FHfi%EE B ULl 0 ERMIEHE
No. HENE
XFEDK E XM - 7=
LA 77 MYz o7z
BROBEIRPEIMILRT VKT 72
FERBLS ) 7OV 7NV —TF D H 7 I VIKEYIE - F2 0
HEERR -5, -2 0MELRBEETELZRAX A LT
BRX T\
6 | FEEERIEE L, 7 — A HEICB T 2 EARERIEREINT
Wiehm

T | W N =

# 7 System Usability Scale (SUS) ERIEHHE

No. BRNE

1 | BEBCHEALZWEES

2 | NRBENHEHET - 7=

3 | TV KL

4 | FIAT 2 EEMEOY R— s DBREELES

5 |HEEIELE-oTWBEES

6 | FENETHZ VLR

7T IEEACDAD TN e S

8 | S OPHEENEL %

9 | HIE2 b > THRETE

10 [ vz 23237 TAOHFTHERSHE S L S
72 6 DEIBIE, FHEFEER A L [FRRIC Wilcoxon fFSIEARE

ERHWTHEBEMEZITo72. 7 OMHEIX, System Usability
Scale (SUS) [1] Z HWTFHfi 21T o7z, SUSIZZD SR T A
ML—=PFIZL o TR T o ZifiT 2227 THD,
ZAF7RVEVEI—FLY T4 HEW. FHEHO SUS 2371
68 THY, ZofEZ M2 —RINENP TV AT LWL
Z5.
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4.2.2 FEBHEHR

FHMiSEER B TfT o /2 UL fHMliDFEFRIEER 8 0@ TH S, R
8D, FTRTOEMEHIZBWNTY vy A—FREIREBITS T
RO o =3 L DEBEDTERTE /2.

#* 8 FHEiFEER B UI FHf Ofs R

HENE B | T
XFDOKE WY - 72 T<60| *2.5
LA 7Y MYz - 2 T <53 | *9.0
BROBERPEMILLT VAT 20 T <41 | ¥20.0
BIRBS ) 7OY 770 —FOH 72V @Y | T <35 | ¥12.0
2o leh
HEERR 5L, F—2OMEZREIERETE | T <60 | ¥12.0
HRARANVTHER I TW =0
FEHITEERIEIE L, - o HECB I 2ERRER | T <60 | *5.0
MERRENTW 0

¥7z, SUS OFHliEBROMRE LRI ICE L O, KFOMEE
SUS DFEH L Wb T\ 68 i Db RaAa7HEE-TVWS
ZEeRRT. RI XD, BEBFECBOTESE LE>TW3
Z2a7iERenn, 2Nk 2ay (HEETFY) 1F9%E
REl572DT, AY AT HIIMENRLTVEIZE XK.

* 9 FHEFEE B SUS OfER

BeBE#E No. | SUS xa7 | #%#& No. | SUS a7
1 70.0 11 75.0
2 50.0 12 475
3 70.0 13 35.0
4 90.0 14 87.5
5 67.5 15 82.5
6 87.5 16 60.0
7 40.0 17 52.5
8 50.0 18 25.0
9 80.0 19 67.5
10 77.5 20 45.0
e V- 63.0
4.2.3 # S

Vyh—bREZBIZHROME uo = 3 £ DHEEIIRYE
7278, BHIY T ¥ OEINVNIWVEMEHE LT
o BHUNOBERPEMILLT VKU 20
o BRBIATYTOYTIN—TDH T IV 5 b
MHETH5NBE., ZhoICHETAERY LT
o BRENZL, TRTENRDOEZIDHAFETRRINT
W5DT, #EDPB-L S5TLE
o F—LWEREITOIE, YLEENEIRZHDZ20050 0D
BVE ST 72
o MZHEIZBWT, iV BARY 722 ZOHGDOEEEE
ERDEDLIDBRVERL 2
BHRON. 2L, 4.1 8k FERICE R0 O B TREY)
BB o722 50045, UL OETE, BeolEz
KEJMBEXELNZ LA 7Y b, BAEBEDD DT
FTR2EOIRUVATO M BT I2RMEDHDEEZD.

DEIM2026

=PV 7 4 HIEFHC UL > 27 LEREICRE 3 2 B R
ZLRsh fFleLT
o FHLHNT—EFzv /7 L72dDE—HETY Ly T34
XD VW BnE L
o Ay R—0uZz7vOMNESRRHEE LS — o —EHH
TEZLZDT, vr/7 v b e—RKGBETI DD
ERN
nBEFohsd. Z
TEHi7 2 b &4 DR
eHifFEhs.

NEDERICESVWTI AT AZWEL
LiT5 2

T5CYT, A-FE YT AALT

5 $HDIC

A TIE, SLM ZAWTL E 2 —7 Sl U 7= 8liiE %
FIRALY — 2B R T AR L. 2—F L ba—T—
RRET — KO AT FRA MR E DT AT LTI HE
7257 — &%, Steam Web API ® 5 — XHU§ URL X7 7+t &
UCHUS L7, BEEMifER 3 ERO L v a—8EH 7 a k212
ko TR I TWa. 2R THEEY 7 /HLEHE 2 —
TWCENT 2 ut AT, BAY RN E2EERICKY] - 72/
RAENTIZIRZYV Y ZL, oIz —TH VA e %
FRRICILE S 2 2 WS, BRI 2% ) v B BZRM
HOFETUEEITo 7. Y EOMIc k> THRLNZT—X
ZHAWT Flask IC& 2T Web Y AT 4 %2FEL. ZDOTR
7 5% AW THBRE EBRZ TV, REBRMEHICE S BN Y R
T L OERN M EFE L 7.

FEROMER, BrlcBL TRZoHEETENEERT L
MBTELD, FIBROAH» DT IOV THENE - 7.
UILIRELTH —EDHMRERT Z N TERD, BlAORYE
FROWTHEIFE -2, 2—F LV 7 4 I L TR ERH
5 SUS D¥HRa7% LRz Z e BATET, HueFuns 2
TLATHEZEERTIENTERDP ST

SHOBFEL LTIE, RYT7 4 7READLE2—DAT 4
NEY YT, SIMDTaYT T4 Y TORERT 74 VF 2—
SV ZPETLND. TSR EE OREE R RN
RBBERTHS. UIR1—HFL VT 113, #HREERY V7 —
FCELNEHERERICESWTHEL TV 2 BRE
TH5.

F7z, AHETINRERE S — 2REL TONET- 72
B, BRI TH - 7z TRERMEE d~—7 7 1 ¥ 7 3Bicswn
TIEKHWSRATWAHRTH D, FEDa Y7 Y HEBUK
FLRWHAMEZET2EXONDE. 2Dk, KK TR
R UMM ATE R T 2 E OMMOERERIa > 7 >V Iic 6
FAIRETH 2 LIAfF SN 5. NREWOIIREE L T, AFE
DEMEB KON E X 5 IHEIEL, X IHN»D T —
Z TN - HEFIEANL KB e EEI 3

X [
[1] J. Brooke: SUS: A Quick and Dirty Usability Scale. Usabil-
ity Evaluation in Industry, Part 6, Chapter 21, pp. 189-194,
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