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| —MRER | Track 3: BRI - BIRHEE - V> vLAT 17 |
#20265F381H(H) 13:00 ~ 15:10 | & G5
[5G] #HE> X7 Ls(T 5 7 [HI5)

BERMRARBHFAT) IXADT-XBARERGEAKRTE) JOAYT-2FNERESTHEKRE) o
ST AA T — R FRER K (UM KE)

13:00 ~ 13:25
[5G-01] WILF R XA VHED - DIRAE T = 7 E GNNIC L B HBEBFE
L& KA (1. % XARHNTTR OF)

13:25~13:50
[5G-02] 7 Z 718 &= ZB LT-ABHHEICEDOCHETTILDORE
Y@ BT EE KAl B el (1 ABRAS)

13:50 ~ 14:15
[5G-03] )L —TEHEMAUOBEEETMICE S CHH#T T 7K 7IL I X LDOEKET & 51
“\R ERL #@H /AL LiGuangcanl. 5ix B! (1. KiRAZ)

14:15 ~ 14:40

[5G-04] GLCSRec: Integrating Graph Collaborative Signals with Large Language Models for Item
Cold-Start Recommendation

*Lin Yingl. Chen Chongxianl. FanXinl, Hayato Yamanal (1. 2fEHEAZ)

14:40 ~ 15:05

[5G-05] ERMEES — b  BAERZAVEEFE Y MR T7ILT U X LIZEL 3 TGNN DB
FE
VR pEERL AR BRI B 21 (1L ABRKE)
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<RILF R XA VHWED =D OWMHET - 7 &
GNNIZ & 2 HIFREs i F1k
g R
T RS NTT Fa® T 1006150 B ELERTACH XK AT 2-11-1

E-mail: fdaiki.yamjai.rk@nttdocomo.com

HE5FL ~ATF FXA B, B XA CE D22 —FTE 7T X Z2IEHT 58T, 2—HEifE X D%
CHES 2 LFRIC, 7—ZBZLWVWERAAL VIZBI2#HEREL2RA XS0 0EELRHEBERMTHS. LrL
KEFICBOTE, BN XA VICboTT7A T2 2MHT22—FERENTH 2 Z e NE L, KX A4 ORI
I KA REE T DICEZTERVE WO EENRENTFET 5. ZOMEERIRT 272012, B KX AL VI
FT2L—Y - TATLBDA VRF 72 arpoREN5 7T 71, EX 4 VBN T 4 7 LB OBEKRNEHRZ
KT HHFT—% (HGk7 7 7) 2a LBk s 7 7 2MEST 5. 2 LT, &A1 VEROHERZ IR L
DD, R XA ARG Z WRANCEAE T 2 Fi7 RAGRIEE FETH 5 DKGAT (Disentangled Knowledge Graph
Attention Network) %1823 5. Amazon Review Data ZFHW725EEIC X b, #RR2RFELIBGFFEE L0 2 HEERE

EERTZHIL, 77—y a Y AR T4 BRUABULAHZEC T, MRFEVENTDH L I L Z2RT.
F—D—K III77-RABI77, 75772202y bU—2 HEETN, VI T

1 F B

<L F F XA U#HEE (Multi-domain Recommendation:
MDR) &, FHEE, Wi, Z, RELRL, HEORL 2 FX
A VKM DTATLENRE LT, 2—FOIEFZHERN
IR 2HEERMTH L. KEHE LT, EC ¥4 MTBITE2
02l (H0gbt) #EP, —o—XBEEREE MR L
T YT Y DB LR EAET NS

MDR DEERF L, WX A4 > OIT8)7 — X2 AN
WKAMT 22T, BH— R X4 Y TIREBRILICS W2 —F D
TERIIERT % & D REBUCIEZ BN 3 b 3 [1)[7) 27). e, &
% R A Y THRRATERENMFONZVEETS, XA
> OIERERBMICHAT 2 2 & T, #HERKE R _ EXHARFT
%% [8][15]. COWRITIE, [2—F ORFENZEFE K A
VEBATHIMCHEEEINS ) LW RANTFEL, 7—X
MEERRXAL U2 OBONIAFEMD R XL AR T 2
HE%HRFE (knowledge transfer) %38 U C, #EAE DM LA3HA
frxhs.

MDR IZBWT, FX A VHETHBEXN 3BT EIEZ 5 ET
HERFEZES O, BE RN XA VICE 2> TITBIRIE R
Frotilr=— (overlapping users) Td 5. Ml —H, F
A A4 U DOWEFOMIGREGRERM NI 2BHEL & L THRES 5.
B Z1E, Bl F X 4 > T SF ¥ % VL RIiFira—9a, EFER
A A4 THURE SF /N FOHE, Ml —9 2N 1L T2
D &S LIEFOMHBEBREZAEARETH 5. L LEBRETI,
W 2 — D BCBR SN TE D, M2 — Y DAIKTF L 72
s Tld, MDR OFIRVFIR SN2 L WS FREDND 5.

ZOMBEITHLT, 2= - T7A T DAV RFT I ayT—
RITINR, 74 7 LRIV A 2 15§ 2 HEEFED R X

AtLHI{E

24923>

M 1: B XA 2B OHREANRS 7 7 ol H#ET— 2%
BAT 32T, M- oAKEES, HEAEEN L
R XA VHEMINRIEIFHEE D RIREL 725, —H T, RXA U
BRHAGRE F XA YEHOM#E XS T IcHET 5L, AD
WSR2 S 7HED ) A XM R X4 AN BB T 2B ZER
BH5.

NTEZ[14][4]. ZhBDFRIE, 74 T LDRX X T — X B
RHAIDIAL Z 2T, XA UHEIRITENERDZ L WG E
THRXET =X ZIEA L HMEREOR AR TES. 256
WGHEETE, 74 7 2BERE AR A 7 7 (Knowledge
Graph: KG) & L THELL, 2—¥ - 74 T72D4 V&5
r¥avipbidy 77 LG Lk Z 7 (Collab-
orative Knowledge Graph: CKG) ZHEEL =5 X T, /57
= a2—9% v bV —2 (Graph Neural Network: GNN) %
T T 2D EA TV S [21][24] [29] [25] [30] [28] [33]. FFic
XA UDPEBIEFET 258, XA Y ElBoTHFEX
NLZBUESCHRZH S 7 7 LTRIET S 222k D, HlT
I—FPPRCBETH, Hifk—> 7474 %M L7z GNN IZ

- 5G-01 -



5G-01

X% F XA VHEOERIEEDAIREICIR 5. Bl 2, FEE & M
PHEBLT 74 272ay] R TIRATV—] ok dr Yy
MR SN T0IUE, FX A VB RTEIERZ L

ThH, T LHEBHEEZEL TR XA VMR ELT DX
IEEFEECE AR DD (K1) .

—7# T, MDR B\ THFARE 7 7 2|/ 556, LLFOZ
DOHEND 5.

1. BD# (Negative Transfer) : T —F DEEIIEIC
X, BB R XA Y THEIND R XA YAREDWELT (f
MBS BEFES 74 7 a VIFE) ¥ BERXAL VIKET
3 R XA VEBOREF (B ETIEER S — 2, &
BTy 2 XME2ERTZ) DREELTVWS. Zho®
RAME FICHEERH LTEE T2, 5 KX AL VK
ERIEIFNA 7 AR X A 2 AFEYN IR U, HEE
FEEMET S 2 FaEMEDL D 5.

2. HFETZ70/ 1 XPERAEOERDE: EHAOHH
77 7120k, HECHE A TR VRSP, HOEME, e -
B 2GS EEND 2D 5. 2 BmEERICHH
T2r, 74T LR A XBRAL, HEEREDEK T %
HES 5. Tz, B2HTD F XA VAL DRELFHEE 21X
FHTY, FX A VEEOBHHEEIIEHTRVWES
Y, FHATNEHERE—HETER.

L EREE 2, RKFIETIE, < LF F XA 2 OWBHREA T
F7WEHLT, FXA VEITHAEIRNEZFFHEEF XL VI
RIFFTREFFE T LR 5% E T2 GNN R— 2 OH#EHE
Fik DKGAT (Disentangled Knowledge Graph Attention
Network) #12Z£ 3 %. DKGAT TiX, 2—¥ - 74 74 - 4l
BT 4 T4 BT EIRIE, XA VAERBLE FX ALV
FEHRBUCIHRINCDBES 5. TERBUIEB K X 4 > THE
XN AT ORBEH G, BEHERBIE K X4 VORI
RIFS 2RI 2RSS 2. X0, M7 kiersoya
U EAN ZHER S S DAL REAT B Z T, HiE
WHRAZRBREERINCER L, /4 ZORERMHIT 5.

AIFFRDEL BRI FO=mTH 3.

o WIFEXAVIGRAMBT Z 7 ICRT BFE/ BEESEE
BORE: 22— - 74 7 LOTEIRBZ I TR L, M
7o 7HRORBD F X4 Y ARERBE FX 4 VEHRE
WHBEL CHE T2 A RIRET 2. Uk b, Ml
=YD R TS, HETREHFHE & N2 A4 V[E
B OHZE XA L 7= HERS A 2 ATREIC S 5.

o HEGEIREEZER R GNN JL—LT7—I D8k
5 FXA URERE Y R XA YEFERBEZELZRICHRL
THIZL7: GNN 2T 2 RO 7L — 67— 25
FHLZ ZHICED, X4 VEITHEXNBEIFE P X
A > [EH OWELTF % [FR IS T b L 7= HEE 2RI EEIC§ 5.
EoI, Y5 7 EicBVWTh RO 7 Ty a K
My BAMNEH S S 7HDIABFEAT 2 Z T, HHE
WWERRABEGREARERAB L OCEEREE N ZNTE
RN L, D0/ A4 XY R AEIE OB L2
3 5.

DEIM2026

o REATFT—2tvY FZAVWEEIEMNIREL: Amazon Review
Data & W/ R X 4 VBEEDEBRIC K D, IBRFIED
BfED MDR FiEB LU KG R—AHEEFHRICHLTE
WHRER R T Z  RRER T 5. X5, 7T L—Ya v, A
B, RS X —Z W EE L T, BREREED G % MEE
T5.

2 &R

AREFFLICBE T 2322 LT, (1) ~ A F F XA VBT,
(2) X & T =X EIEH UHETE, (3) Mi%7 7 7L GNN %
FAWHEFEO =212 0 L TS 3.

2.1 MDR F&

~F B XA UHEE (MDR) &, B F X A O —F1TH)
F—RERET BT, 2— VR OHEE DSBS 7— &
ANR= 2O E BN LIRS ETH 5. RENRTFiL
& LT, STAR[16], TreeMS [12], MGFN [31] R ¥ DR X
TW5. ZhODFETHE, XL VETHEINE AT X=X
ERXA VEBDANT XA =R EFRINCHKEI T2 22T, FX
A UEOHHMEEZER LTV, LaL, HESX—%%
BUTEB XA Y OARHFIFICEHRENE 70, B3 K
A4 YOHNIDHET 2 TEOER) 24T 2 MR Hal <
NTW3. ZOMEICH LT, EDDA [11] 33 DiAARE % 1
BT XA VEERDICHHET 2 22T, AL VEOTF
BRMH T 2 FELZEELTVS. £, AEBE2IIH T 2
7 DFK([9][22]) bIEEENATWVWS. —AT, ZHLHdD MDR
FIEOZWE LY - TATLDAVERTI I avyT—EDA
WKEONWTHERFER(TI 2, 74 7T 2OERASEMEREGRE
BH U7 R X A4 VBRI R R o rTREE I D v Tid +a7ic
EEDR-¥ (@ AY/INN

2.2 XEF—aEERLIHEBFE

=P TFT—RDAR—ZREEEM S 12D, 74T LD
BHEHRRE DA X T — X 2GR T 2HEFED LR E
N TW 3. Factorization Machines (FM) [14] % Neural FM
(NFM) 4] &, 2—% - 74 74 - BlERCOREER OHEE
TEHZBEZEBTE T LT 2 RN RTFIETDHZ. Zhbo
FHETE, HBEOEMLEC TR S 7 4 7 4B OBEN: % 4
RABIEHNTEDZD, KL UHMNREBITFOHTE R, 21—
FITEHBD R VGEICB T 2 IEFOHENSFIRETHS. L L,
INEDFERTICRHMEMOMAELEZRSETLTHD,
GNN @ & 5 2@ RDOBRIERLHFEMEE T EH T2 2 L
HATERV. £/, MDR BEICBVTIE R X A VHTHEX
NB3EEL FX A VEBOBENRAET 2720, 2 s %Xl
BFICHETIL, FAA VEFONL 7 ZAHNEAT 2 AN
BH5.

2.3 HIET 57 GNN ZHWIEENER

AR T =X EOEHEZBERE SRS 72D, 74 T LD
HRABEAH 27 (KG) ELTHEEL, /9 7=a2—71

- 5G-01 -



5G-01

sy b7 =2 (GNN) %3 2 HRNEFEEFIITONT
W3, KGAT [24] i, Fli& 2 7 7 LoBRicH LTy 7> a
RN A L, HEEICH AR BRI E AT LR
LERDEFHEREENT 2FETHS. 512, KGCL[29]
BRI EREAT BT, Hi#r o 707 4 X R weh
W 2 EEE R EXETVWE. LL, ThsDFEOE
CIFH— R X4 YOS F U A ZEHREE LTEREIIhTED
BOEBEERL TR AL VEITHEETNEH (KX 4 VR
ZHER) & R XA > EE QR XA LTl S B A5
MEtEh Ty, 207, MDR BEICBWTH# S 7 7
TEERAET Y, XA VEHOERIM F X A Y ANTEY]
WIEHE L, BOERZ5 | SR IR 5 5.

3 RMIEBEERL

3.1 1>%359>3>% 57 (Interaction Graph)
HESF VBT Z22—FETATLDAVERTIay
BAVRIIYaYITT G = (U,L,Y) L LTERT 3.
ZZTURERALIBI 22—/ —FOHES, T LR
XA VBB TATL) —FOEEERRT. v yu €)Y
W, 2P uecld 7472 icI DETHNENIZL V25
I avERT. OFD, Ty VOFERI-IBYETA T
LR UT S 20017 (BIE - A - FHEiRY) 21To7%2
LERERT 5.

3.2 #7777 (Knowledge Graph)

74T LADBEBRRLYE BARE RFT 2 MEL T — &
M7 7 G = (E,R) ELTEHKTS. ZITE
BT 474 DEETHY, 74T L HBT—X 280
(ZTc& . REZYT47 1+ HOEKRNELR (relation) @
BETH2. Fr 771, BEERIT MYV Ly POES
{(h,r,t) | h,t € &, r € R} e LTCitdahn 3. HlxiE, (h:
FEREE X OEEL ,r:Prv 2, t: IATY—) Lol i
EHRFEE N B.

3.3 %A% 57 (Collaborative Knowledge Graph)

ARSI ar I e @IS 7 RME LT T,
AR 7 Z 7 Gae = {(h,7,t) | Bt €&, r e R’} ¥ LTHE
#T2.ZITE=UVERLI—F - TATL B> T4
TA4EEL/ —FEETHD, R =YURBFI—HF 74T
LDA Y RT 7Y a VEGRBLXUHRY 7 7 OBRE SR
BETHD. ZDOEDTHEINGHAFS Z 7Tk, 21—
PFIETA 7L/ = FENUTHET Y 7 4 7 4 & HHEERIC
ENB70, [TEHT —XBPHHEI N TRV R XA LT
SHMT — X BUIEREEIREE 5. BT, Yr L
RTITVREV o RS VBN RZ YT 4 74 2HEAT 2
Z T, Ml — DR WKL R IZB VT D, KX A VEOH
B EBTE 3.

3.4 TILFRXAUEE
SNLF XL VHEEOWNRE 22 P AL VHEER D =

DEIM2026

{d1,d2,...,dw} €T 3. ZZTWIZFXALUEERT.
HEDRKXAL Y d, €D IRBIBAVERT I aryT—&IZ,
I—BHEE U CUBLIUOTATLEE T CTIT&-T
MR E NS, RFRTE, B2 FXA Y dy,dy BT
DEMEMEFEET S U™ U £0) >FUAEEEL, Bl
I—PEELHBEELARETH B, — /T, 74 7 L3
FXAVICEBETHS EREL, BiD KX A VETH—7 A
FTARHEEINEr —AFEER LRV

3.5 HEEBXXJDEMN

ARFZED B, ANy LTE X N0 5 7 Gore
EHOWT, BRAAL Y dy e DIZBFBL—HF ueltr 7
AF70i€T™ OEFERZTHITZ2Z2TH 5. BRI,
MUToFHIBEE f 2885 5.

??21” = f(uai | gckg,dw) (1)

TP IE, RAA Y dy RBOWTZ—HF u BT AT LGk
A&7 ardBiR (BiFRay) 2R3,

4 REFE

RETIE, BAOEBEOMIH & FG# T — X ORI ZIEH % H
B L7z, GNNR—Z2D 7L —AsY—27 DKGAT %53 3.
X 2 1%, DKGAT O 7 —F 7 7 F v &K% RS

4.1 RKOTEE

DKGAT Ti&, 2—¥ + 74 574 - k7 — 2 O#DIA A
KEBE, FXA4 VHETHEINS R XA Y ARERBE (inter)
¥, B RX A4 VIZHEEDEARE (intra) (CoHEL THE T
5. BIRICE, 2 —V uecld, 74700 €T, Hlikz >
TA4T74 e € ENTIIHLT, AERHOMEDIAHLNRY L
xinter yinter yinter ¢ RH %256 H T 2. £/, R4V dy, IT&
Fhaa—Fuell, 7455 iecT, BIUYHERAA
YTHWONBIHGRT Y T 47 4 e KNLT, RXA VEHFHRE
BOMDABNZ P xGe xPe xe e RY 2 EHKT 5
T, MERB L BARAOK RTINS H 235,
ERBIERAA VTHELTHEEEINE—HT, FRAL >
WKBIFETHTIEZD XL VICEERZ2—FBXUETA T
LSBT 2 AERAD AT V5.

4.2 MFI/Z7EFTTFaryI>aA—-4

HEEICERRABROMEB Y 2 4 MO8, 5 X —&1L
X7 Ty a YERE20],[26) #FWT, =y T4 T4 B &
UBIRICIRET 23> 7 X 2 M RHEICINCIEX 2. HEk7 5 7
Gig LT, 74 T4 i WCHEFE SR T4 T4 EAE N B
LAy E—VHENETS. BRI, c=1,...,C BT A
T LHDABELATD XS WCEHT 5.

XEC) = ch_l) + Z Oé(@, Te,i,i)xe (2)
eeN;

22X @ e BEHIBI A7 47 4 i OHDALERBEH
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DEIM2026
F%(/TI%
— BRERT ST | s (SR {fﬂuf”'
12859230957 Gy W ioD:\ \ Ai i
a—4 000 ; O (’ 3 I ¥/
X\A\\ Bt Ed I :Xgé oo AN e ,_,,,o; 606 8¢
FA47L A AT ﬁro Q | e
ﬁ ¢ 7oAy EaftE
d1 d2 ds & AWTSTEDHAS +
N S I B
k2 | AR i i ;
74 #| | o E (YA Y e Lxep
s & |2 o W AN N T
7= — 000" 0 0000
awr57 Gy, | X?%ED
FACVEER
Kl 2: DKGAT OZ2K7—%727F v (KXA Y di, d2, ds DHI)
. 7T a MR ale, ey i) W, BR e ZNLIETAT B — RIEIEEST 2 Z 2 THRENS. 22T, 7474
Li 8TV T 4T 4 e DEEELRL, N TERINS. BHEER S 7B 7Ty avynya—RizkoTiESNHE
LeakvReLU W DiAAH M BXO hi™ 29HIEE LTHVWS. 2—HF1co
s(e, 7e,i,1) = LeakyReLU (e, \Wix. || x]), o WTIEARY 7 7 & ENB VD, X B LT xlm %
ale, o, i) = PG Ten D) BARESR T X — & 2 LTS 3. A%, D% A% |, 7

Ze’e/\/} exp(s(e/,rer iy 1))

ZIZTxi,%x ERT BENENTATLBLUZYT 474D
HAA, e, , € R 1ZRBR ro; OHDIAAR, W e RFH 13
HEAREREALTHITH 5.

REFNTE, FFT Y7 4 7 4 EDAAL x. 1ZEBTEHR
LRV, 2, =274 74 ZRELABERIE UTHE
L, /A XDEIEEMGEIT2720ThH2. —/5T, 74 718D
AAIZBEIZBWT T 7V a VBRI X 2 HEANITI BT
N2 728, HHZHREBRFEMCERT 2 chEs N3,

AERITER L EERO R TZNZIVHNACHEA X N,
B CIZBIA74 7 08OAAZ h, 35, ZHUTED,
RET A T LEDIAA W™ LEH 7 4 7 LHDiAL hiy™
BT 5. T T 4 T A HOABIZOWTE, 77> ay
IYA—RZANZINEDAHLZZDEE he & L, FEH
BT 47 4 HDIAA hiMe BEUOEBHFRZ 71 7 438
DA DM v T 5.

4.3 1230223 >J57@AF GNN T>I0—4

AARDOHNTH 22 —FDET A T LT REITES
THIT 372D ER, 2—F 2747 L OEGRMEERRYEY
T35, GNNT>ya—X %2#EH3 5. DKGAT TiE4 ~
RT772aYTT7 G WBIFBRERAALY dy DFRT T
7 GUw) T, Light GCN B [EHLEFEERIC residual %
A T AciBe 2 FHWV 5 [17),[32], [11]. R XA > D/ — FEE
Vv =yt yzde 123 L, 6=1,...,L BTUTNOEHEEITS.

HY = (1 — agun) AHY 4 g, HOY,

dy\—1/2 A d duyy—1/2 (4)
= (D™)"TAT(D™)

At
ZZTH® cRVIXE 13 0 BHICB I 2% — ROiBER
BFITH D, RITHRIE, — KO H KITHDAANY F L%
£, EARBTH HO 13, 2—FHDIAL YL 74 7 LHDIA

hehr s 7 gl 128513 2 BHETHI, KBTI, iﬁfm%ﬁ{t
21751 [18],[19] TH 3. agnn € [0,1] 1& residual DEAT
»%[3).

DKGAT B RZER L [EHRICHIL L 7 sffds F, FT 2
B, B RRXAL Y dy LT
(antde; , z:‘natlzeur) _ (g(d mter hmter)’ (5)
(2ids, Zid) = PO (G il b
2195,
X, —FBIUTA T LDARERBZ
ZLntcr _ Z ziztd?lf}’ Zintcr — Z Z}Lr’lgz)r (6)
doy €Dy dw€D;
ELTERTS. ZZTD. BEUD: &, 2htha—F u

BLUTA T4 i BT B F XL VEEERT. RIFFETIE
I—FIFEB R XA VICELD > THEL S 2728, 2—F 0
TERBIYFLI—FDHET 2 R XA Y ORERBEOAZE
W2, —0, ARCTIRS 77 7Tid, 747 238K % K
XA VI TEENFELRWED, FEDT7A T4 i ITHLT
[Di| = 1 S DD, LizhioT, 74 T L DLRERFUZ

inter
iydaw

inter
z; =

(7)

YRINDZ. ATHRH GNNIZED, FAAL Y REEF LTI
R XA 2Rl LB ERBEMBE O, FX A VEFETLT
3% R XA VEBOBERANEFONS.

RXA Y dy B2 —F u BLOETA T4 i ORIEWZ
BERB 20,4, € R 2,4, € R* &, FERB L EHRE
EHEALTUTO IS ICERSNS.

intra
U,dqy )

inter
Zu,dy = Zu || z

intra

inter ||
;0w

Zi,dy = Zg
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I, || BAZ ML OREEREERT. £, RERE 2
BEU 2L, FRENF ALV dy KEENZ2—HF u B
KUTA T4 i WTHIBET 2RBOAEHWONS Z L ITHET
5. $hbb, FERFIE R XL Y THELTEEINE D,
BEREXA VB 2REEBHOBE T, Y% XL VICEE
N2 —RIHET AARERBL 20D F X4 YEBRRD A
AIh3.

B E®D GNN v a—RickoTiEsn-E£RicEo % N
FICk 2R a7V TEFEZHET S 5.

oy = f(ui | dw) = (Zud,,) Zid,, 9)

FENIIHEE T [5] [13] TIA S VS5 Bayesian Person-
alized Ranking (BPR) [13] #KZ W, & FX A4 Y DEKD
KA 2 A R I HEE IR » T 5.

Lopr= Y Y.

dw€D (u,i,j)eOdw

—Ino(jyy —jor) (10)
ZIT O™, FAAY dy CBWTEHEIENET AT L6 b
KB T 4 T4 ] OISR ZEBHY L TVEETH .

4.4 BHLFIHHT 5 7BDAH

HiTH & A7 AT DA B ZERNIC B 1T B HilFT & U CHEZRINIC
KX 270, Wik 7 78#DALZEHHT 5. DKGAT T
& TransE [2] WEO AT 7 7 DAL TR T 5. 5%
77 Grg KEENBZE MU T LY b (e,r,4) € T WXL, IR
DB R EF#T 5.

: (11)
ZZThe, hy, e, & EFRENAGRS S 7AT 7T ay
IYVaA—RIZEoTHELNIZ YT 4T 4 e DHEDAAL, 74
T o0 QDA BfR re; OHDIAATHS. DKGAT T
X, HE 2o 7HDIAARDEFITBNTARIY > 7Y ¥ 2 %ET
W, =YV U ERICES R ETS. BARINICIE
EFPYFL Y b (e,r,6) KNLT, T¥T7 474 e BLUH
BRr 2B LTARITA T4 i & i ~N(e,r) 2o—H
BTV L, BHINY T LY b (e,ri7) KT S X5
W, N U Ly N OHBADOFEER—RETIXR VIS
HL, @7 7375 yyarzrya—Rick-oTHeh
72b U Sy NEEE ale,r,i) FEAY LTEATS. ZhiZ
0, HEICL > THETH 2 2l Sz HERLE N LT,
I DROHINER T 2 FHE 5. U EEBE R, EAN
RS 7 HDIABBRELTD XS ITERT 5.

= Z ]Ei*NN(e,r) |:Oé(€,’l“, Z)

(e,ri)ET

d(e,r,i) = |

he + ere,i - hz

(12)
. max(O, v +d(e,r, i) —d(e,r, f))}

ZZTY>0@FT—IVBRINANN—NFTX—-2TH5. H
BN, 77> a vEA ale,r,i) DREV, TROBHEE
WKW THBETHS LHESINLFM Y Ty MEY, [EH]
L AR DEREE S 2RISR ERE NS, TS kD, Al

DEIM2026

W TICEEND A XDOHEEMH LoD, KX A4 Uk
BIE R XA VEAEDOWITITBNTH 2 HSE 2 8502
HETLIHAREL D, AEATEHES 7 7 HDAAL,
FAA UAEERBEUO R XA VEBERRZAZIUTH LTH
MATHEH L, FX A YAERBNT X 248K linter & F XA VIE
ARIUC & 248K b ZRWCTREIZA Y 5 7 A

intra

HEREZUTTERT 5.

§ : d,
,CKGE = éinter + Zinuéra
dw €D

(13)

4.5 DKGAT OBERBEH

RS 72 HRBERL £ 1, HEEIRL, HFks 7 7K, 8L O
L2 IEAMLEZME L TU T L5 ITERS LS.

L = Lppr + AkGELKGE + Areg||©|]3 (14)

ZZT Mg B&U Areg WENAR=RFGX—=RTHD, 0%
FEARER BN T X —REGERT.

5 % B

ARETE, LTI DKGAT OFMMEBGET 2729, LIR

DV —F T RAF a VIZHEIDWTEREITS.

« RQ1: DKGAT 135k dD MDR FEB XU KG X— 2t
BEFEL R U CHERE 2R LT %20,

« RQ2: DKGAT M3 2 S ERIMBEREICED LS
W55 0.

* RQ3: DKGAT 12 X D EH SN OAARBIZ, FXA4
YARERBE F XA VEARB WS FREERE KL T
W3 A

o RQ4: DKGAT 35827 7 706, TEREB X OEER
W2 RRARE ERICHH T E TV 3 2.

« RQ5: DKGAT OEFEANAL =T X=X IR D
kOB EREEZ .

5.1 F—&tvhk

FKERITIE, [L#i7: B X A4 >~ % &% Amazon Review Data
(2023) [6] M L7z, AWFLTIE, B XA > %l L CRIFERT
RERFER T — X DMEEL, D OHIBINA Y 257> a Y EDZ W
Books| Movies and TV (Movies) | [Electronics (Elec) |
Musical Instruments (Instr) | @ 4 RX A VEFEELZ. F
7z, STENR OB HAFRTIE, F R AL ViZOVWT2—
P 20% 7V XRuPr TV T LT — &2 HAWTHHE L 7.
RIS TYV I ITROA VRS 7 aryT—XOMEHREEZ T
T, 72, Hifi7— & £ LT, Books BEX U Movies 1I21% Y%
V), Elec BXU Instr 121 1777 > F1 Z#H LTS
77 RME L. 2T XD, Books-Movies TS v Vb,
Elec-Instr I TIE7 7 ¥ REN LA E S GEL 12 5. &
2 IZHER T — 2 OfET & E Y.

B, BRICHWASLF RXA V771, R3ITRT
3 FEHOME WS, G2 1E Books & Movies 2 572 % A%
THH, FE LTI v YA EN LR 2HE$T 5. G3 &
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Elec & Instr 25228 THD, e LTT 7 ¥ NEEEN
LB 2 i 5. GLIZIND 4 FXAL Y IRTERE
TR TH D, Bl — B X OHERT — X OB OB, 5,
KO ~LTF R X4 VERBICB Y 2 55RM 2 55 5.
ZIZTa—VEEELIE, 20D F X4 VIcHELTHRT 2
I—FDHE (B F XL VIEENIZ 22 —FEHT 2 LK)
2EL, GLIZOWVWTIEERRAAL VR7Z TG L2 RT. £
TR T — R EEEL, ST —XD5B R XL v ERLW
THEINZHFH T —2DEEEZEL, GL IT2WVWTIE G2 B
F U G3 OFHfEZRT.

K1 AVERI T ayF—ROFRHIER

RXAY #IA—Y #TATL #A2RZ0>3> EE

Books 155,120 424,960 1,916,815 2.89 x 10~°
Movies 131,204 177,054 1,494,699 6.42 x 10~°
Elec 328,556 326,943 3,097,586 2.88 x 10~°
Instr 11,596 21,306 103,361 4.19 x 10~4

£ 2: FikT — X OMEHER
RX1Y H#T—%2 #T7A7L #H#BT—% #+UTLvh

Books DA% 416,009 1,084 1,246,860
Movies DA P2 102,655 609 344,358
Elec 77K 267,875 40,720 267,875
Instr AN 14,718 2,997 14,718

£ 3: 77 77— KB 5 EEEHR
KX > DiEsaahE A-YEEE WMBT-SEEE
G1: Books & Movies & Elec & Instr 0.0466 0.0255
G2: Books & Movies 0.0974 0.0297
G3: Elec & Instr 0.0196 0.0212

52 ERETE

5.2.1 HiTEIE & FHfiHEE

FHRAXAL ZBVT, FL—F DL E 2 — ZRERFIEIZIA A,
wED 1 % test, &% 5 2 f£H % validation, 5D % train
& 3 % leave-one-out iMliZ AT 2. FHlikEICI, K1 —H
IZ2WT train B XU validation THREHDO LT 4 7 2 %5
LAY L, T M K = 20 2320w T HR@20 B XU
NDCG@20 zH T 5. fHiioEHEMEZED 57-0, FEFIIL
B seed ZZZT 5 HIEDIRL, £OFEHREEZHE T 5. &
4 BLUKS BT 2HENEREZER, 5 HOETHRICED
CBRBEBARN—=R 74 22D paired t-test 1& &k DHE L7z,

5.2.2 FEELOFHM

REFEDIFLEIZIT PyTorch & DGL 23] ZH Wi,
GNN =Y a—&®D residual A agnn (& 0.2, LA VE L &
2L HERTZ 7RI 7T yyaryiya—XOER C ik
2 L7 Hiks o 7HOALBEIRDOEAR Aker 1& 0.01, EHI
{LIHDEA Aeg 1& 1 x 107" 2 L72. BPR BXUOHFZ S 7
HWHOIAARIEZI =N FERE L, I=NvFHA FEhZN

DEIM2026

4096, 8192 & L7z. HOIAAZXITIX 128 2 L, AERBB LU
FEERBFICIZZRZR 64 T2 E D YT,

5.3 2FMaBEdE (RQ1)

RQ1 25Hli5 2 72012, LTFOETAZHEN R T 5.

« EDDA[11]: =%+ 74 7 AIZDOWT, HDIAAL )L
TAHRE - EERBEESHET 2 GNN X— 2D MDR Fik.

« FM|[14] / NFM [4]: FHEHBOMEAEERZHIZ 2%
M7z X & 7 — ZIERAFIE.

o KGAT [24]: 77 v aviE#eERHWTH#s 7 7 Lo
EICEGHIEHREENT 5 KG N— BT

« KGCL[29]: M¥FHEZEAL, W7 7D/ 4 XMtk
T =R ANR—2AEDEMER B KG RX— AHEEFIE.

7B, RERED o, EHAARIT, FHE, BRI, Ny F

PA X, BEORIRTRFZREREDHE—L, #X—2X 51

& validation ¥8IEICE O X F 2 — =V I BT 12,

41X, 77 7HBRCBI 2EETNVOHEREE K X 4

YIZEIWWRLZDDTH . EFHER» S, LNOHANES

nr.

o L{hMEE: DKGAT 3 IRTD 2 S 7/ (G1/G2/G3)
B L UFHITER (HR@20/NDCG@20) IZBWT—ELT
R RIERET ER L /2.

o BOEBOME: FXA4CORHEHRMICHEZW
FM/NFM % KGAT/KGCL & tt# L T, DKGAT i&—
BLTRERWEERR L. R, 4 RXL U EHELR
Gl IZBWVT, FX 4 YORXAlZHRT-RWTFERIBESL
MR OENZ—FT, DKGAT 3EE S L E /N MRICH 2 ©
DEZL DR AL VBIUERIIBVWTHER EPRONS.
NS LD, RERH L EERHOTEIC XD, HER X4
VB DEEEMRICHE LooADIERZMHTE T
W3 IR ENG.

o TS 7HEDEMY: MDR FETH 5 EDDA ¢t
B LTH, DKGAT 32 ETEMNTH o7z, Zhid, 21—
F e 74 TFADFTHF—RITMAT, 74 7 aEMIcHES
{EERZ 7 7 E L, BREEER L REFE LTS
Z 2T, Bl — DR WIRI T B AT HEE R R T &
el ERLTVS.

o JST7HEBDEWILBMER: G2 TiE Books ¥ Movies
DM TRERBLENR SN, ¥ v VILHGEREN LR
BEMHEREL T2 eEZLNS. —7, G3 TlX Elec
TOUGEMRII LRI/ NZ WS DD, Instr TIEK E LRED
MR, 2, 7T—XBBED/PNE N XA ZY,
RFX A4 v BIXUHERY T 75 6 ORSEIERO B E %20
TV ERET 5.

5.4 7I7L—3 HE (RQ2)

RQ2 %FHlis 2 72912, fEETNVOEBREROF L2 M
AT 2. BREFLUTOBEYTHS.
e w/ointra: FXA4 YEFREAZAVRVEE (FEXRE

DRITEZE 128) .
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DEIM2026

R4 K77 7K (G1/G2/G3) 1B 2 HEEMRELLE (%) .
NDCG@20) T#Hi3 3. KFEREME, FE 2 FHCRWHEREZRT. * BERREN—-Z 74 Vi § 2 NEEE
(p <0.05) ZRT. Impr.(%) EHFER—5"v b FXL VIZBFBHREAR—R5 4 VIR 2 HMSHERERT.

S HR ¥ NDCG 2 Ef7 K = 20 ff (HR@20,

G1: Books & Movies & Elec & Instr

G2: Books & Movies G3: Elec & Instr

Method Books Movies Elec Instr Books Movies Elec Instr

HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG
EDDA 1.95 0.79 3.57 1.46 2.00 0.82 5.77 2.39 1.93 0.80 3.50 1.45 1.96 0.81 5.12 2.10
FM 1.28 0.49 2.47 1.07 1.08 0.31 3.44 1.31 1.33 0.51 2.61 1.13 1.14 0.39 3.57 1.47
NFM 1.37 0.56 2.66 1.18 1.12 0.35 3.71 1.44 1.43 0.58 2.83 1.23 1.22 0.43 3.86 1.59
KGAT 1.50 0.60 3.18 1.35 1.31 0.54 4.09 1.68 1.64 0.67 3.56 1.46 1.36 4.13 1.75
KGCL 1.57 0.61 2.99 1.24 1.93 0.79 5.01 2.12 1.73 0.68 3.24 1.29 2.01 0.84 5.11 2.31
DKGAT 2.85* 1.13* 4.69* 1.92* 2.30* 0.93* 6.68* 2.80* 2.88* 1.16* 4.67" 1.92* 2.14* 0.88* 6.18" 2.63*
Impr.(%) +46.2 +43.0 +31.4 +31.5 +15.0 +13.4 4158 +17.2 +49.2 +450 +31.2 +31.5 +6.5 +4.8 +20.7 +13.9

# 5: DKGAT OFERERERELZHEDO 7 7L —2 a ViER (%)

. FHiifEfE D HR ¥ NDCG & B K = 20 # (HR@20,

NDCG@20) TiMiid 3. AFEKREAER, THE 2 FHIBVWHEREZRT. " BREXR—ZXS 4 VT 3HENERE
(p <0.05) ZRT.

G1: Books & Movies & Elec & Instr

G2: Books & Movies G3: Elec & Instr

Component Books Movies Elec Instr Books Movies Elec Instr
HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG HR NDCG
DKGAT (full) 2.85* 1.13* 4.69* 1.92* 2.30* 0.93* 6.68* 2.80* 2.88* 1.16* 4.67* 1.92* 2.14 0.88 6.18 2.63
w/o intra 2.15 0.87 4.01 1.66 2.11 0.87 5.81 2.44 2.18 0.90 4.08 1.71 2.07 0.84 6.35 2.82*
w/o inter 2.29 0.92 4.07 1.68 2.11 0.85 6.17 2.59 2.31 0.93 3.97 1.63 212  0.87 6.18 2.63
w/o KG 2.36 0.96 4.02 1.69 2.16 0.88 5.87 2.50 2.33 0.93 4.13 1.73  2.06 0.84 6.04 2.57
w/o att 2.34 0.95 4.12 1.70 2.20 0.89 6.29 2.62 2.44 0.98 4.22 1.76 2.15 0.88 5.89 2.47
w/o w-KGE 2.60 1.05 4.45 1.83 2.20 0.90 6.39 2.67 2.69 1.10 4.51 1.81 2.15 0.88 6.49* 2.74
* w/ointer: FXA UAERBZHVIRWEGE (BAHRL HEREDME TN LTEB D, W7 — 23 ER e L THEMIC
DARTTEF 128) . BEREL TV A Z DR TE 5. FHC Gl DL S HE K X

w/o KG: Hi# 77 7O, A V&5 7> avro7
D&z S BE.

w/o att: HF%k7 7 7I3HWED, 7T vyarvyzya—
RERAWERVWERIE. ZO%E, EFEHFHE —HREATEN
5.

w/o w-KGE: Hli#7' 7 713w 223, EAN EZH#K T 5
7 D iABZ VTR VERE.

K5 WEMBERZRE LG EOMELEL R Y. B
R &390 % BRER DR 2 LLTITRT .

RE/EFRAODBEDIHR: w/o intra 3B KT w/o inter
DT, FHT G1 (4 F XA VE) ICB W THIRERMERE
KR AR I N, T, 2 R AL VAR TR, °%
RINC X 2 AT OB Y FEERBUCTESZ FX A X
MRORFFZ ML 5 2 e MR EICTFEG L TWE T
ZRLTWS. —/T, G3-Instr D & 5 /N - DECR
XA UHEKTIX, w/o intra 2% full % k[0 2 542 & B X
N7z, 2, PRBE R X A4 U TIRERRB 0 EY
T2DDT—EBTRL, BERBED A XD 5W0WiEE
FRERE UTEH S AIREMEZRRT 5.

HEBT S 7BEDME: w/o KG TIIFEFTXNTOHRET

4 VR CTIE NEAP X DIAETH D, HF# T 7 705 K
XA VEOHBEEREEL TV EX NS, 2, A
W TFERRAAL YNTD T A T 2 DEMN - ZIRIIEE
HRERMEL, T—FBIFOHEEEHRLLL T2 EZ S
ns.

TTFooa iEOMHR: w/o att [T —EDORE T full
CIEVWHEREZRTHOD, ke LT full & DIERWFER
o FHZGL R G2 DX ICHERNY Ly b 3%
W T, 77> a VEAIR X BHERB K E .
U, BMRBOE 2 213, B AR ERIN I 32
AP EEIC R Z Z BRET 5.
EAAEHET S 7BDAHDMR: w/o w-KGE 13%<
DFET 2 FHICRWEEREZRL, G3 O—FHEIETIE full
% L 2 ERSHRINZ. U, EEEICES CBL
HlR923, BIGRIED D W NIRRT lBE AR EA L 2 L
TEI MTREE R R T 2. — /AT, Gl G2DXk31ckD
2 OHHBEZRE ETHR T, full AL D —BLTEL
MREZ R L TH D, HAMNE KGE 23/ A X R
ROMHDHATHE L TWIEZOND.

FER. FHMEELZITARTORNTHEICR#E WS D

-
[
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FTRZRW, Z R XA Y - ZEGREORETIE full 7
ADPRDBEELTEMRETHZ. L12d > T, DKGAT @
AT, RAA UBPRREI TR L F P X4
REIBWTRICENITH R EZ NS,

5.5 ZHAHRBROARE (RQ3)

RQ3 T, |MEFEDPEE L HDIAARE LT 5
Z2WEoT, FAAVARERB L F X4 VEIBFREDIKET
BENERMLEZS D R-oTWA 22 HRET 5. Al
t-SNE [10] ZHW, ZHEAEDIALAR Y bV % 2 KITZEHIC
$eZ L7z, X 3 1%, Books/Movies/Elec/Instr ® 4 KX A4 ¥%
G Gl R THEE L7274 7 2 MDIAAD R RT.

AIAUEAEIR & D, R X A4 VEERBIZ R X 4 ¥ 2 I g
HAREICTBE L 727 9 R X =% B L TED, & KX 4 YOk
WEHE L 7RIz o Twa 2 e s 5. — /T, FX
A YAERBUIEB R AL Y OB LD KRELER-TED,
B R XA VBT 2B R TE T3 2 2 AVRE
Ehd. DlEXD, DKGAT I3REITBEREKMTETED, %
XA COEEEZFE LD, AL vEFwTHE A
SR RIAT 2HDIABLFE EEHTETWEERZLND.

electronics ©® musical_instruments

80

=75 =50 =25 0 25 50 75 =75 -50 =25 0 25 50 75

FAVFRERE KA/ EERE
X 3: 22HEAT A T LHDIAAD t-SNE AlfLiER (G1 #

J)

5.6 BEMHT—206 (RQ4)

RQ4 Tk, BEFEOHFR S 7777 a vy a—XH,
TERBEB & CEHE RIS U T H 25050 2 8 R
WHIHTE TV 322 E IR T 5. BRI, 285
BETFADBME L7 Ty avyBEBAESHRL, 74 741
IS BHERT — X OEEE 2 1 L7z, K 413, Books/Movies
D2 XL UDBI25 G2 HRICBWT, 574 7 L5I1I0F
3 v n) HEO7 Ty a VEADSHHIZRT.

FERED, FX A4 UAREERTIE, Books KXA VD74 F
LIZHR L TiE TLiterature & Fiction] , Movies KX A > D7
A F LI L TIE TMovies & TV Y, FXA A > REKiH 72 7
FUSHE D ERTWEME CUER 74 7Y a VAT E, Wl T
LEERIFE) KEWEREN TSI TV Z e PHERTE
%, =T, FXA4 VEBZERTIE, F—7 4 7L 38EA
HHEINC OB L TB Y, FEEDBEIGREICHKEES, I %
HH R BHEER I D AA TV AREFRR OGN, s 0k

DEIM2026

RIF, PEZEMTIE B XA > @ OWELFHET (A R 72 Ik D358
N, FEHZEETIEE P XA VRIS % Z 725G
R E N TV AR Z R L T 5.

Books

FASFFEZ2M

1335625

Cultural
Herit
nistorical | ¢ Movies ' 20th Century
Literature  Genre ! &1y Studio Fox Home
&Fiction  Fiction Specials  Entertainment

50117

1335625

FACUBEHZEM

Cultural
Heritage
Historical Movies g 20th Century
&TV Studio Fox Home
Specials  Entertainment

Literature  Genre
&Fiction  Fiction

M 4: Hikro 77703 avCEk2BEEEOH. 2745
MWL THEBINET TV a VEADDHZRT

5.7 INZA—253th (RQ5)

RQ5 Tl&, DKGAT OFEFNAL =T X — X DRI E X
BBERONT 5. BIARINCIE, () HFR2 5 7D AAELD
EA Akcr, (i) CNN EHEICBT 5 residual DEA g, (iii)
GNN B# L Z05Re L, thoRELXEE L 725 A THEEE
LTI L7z, X5 12827 7HK (G1/G2/G3) TDH
FX A4 v OFEERT. BONFRIIUTOEY TH 5.
o Akce DRE: AEBTIE, Ikgr ISR LU THEEIGBREZ I

BUE TR L, &2 7 7B W TR —E DR E %
RUTe. 77 7RI X DR b2 A N30,
TUI R XA VEBRHER MY 7Ly MBOEWT XD, HIEK
FRI DRIV G 2 2 BEDPRZ DD EI NS,
FHZ G3 D LS ITMEIE - DB F X4 2 &7 T 7T,
RQ2 OfER e Rk, Hi& 2 7 7 DA B DHIFI AR
W B E, BERIEANL E 2 B ARESEARIB S NS,

o gy OEE: REFRTIE, agun ERELS LT E S 2 MERES
ERT2EAS RSNz ZHUTHBEBRANDEKITHE
D, 77 7RERE L 7 @mRBEROEES TR B 7
DEFIRTES. —HT, G2 1% agan = 0.3 ITBWVWTHED
BWHEERRLTED, 79 7HEIC & » TI3BRAESRD
WE B IHEIL, AR EHFERONT v 2%
W2 ETEMCH ZeRBENS. L7z > T, agm
BEHLTMNIWEERVWOTIRRL, EEENE I
HH OO b EBM T 2HPATHRET 2 Z L PEE
Th5.

o B L OFE: AERTEHAEIX MOBE»S, B L
% 1,2, 3 DFAETHEL, IXNTODJ 7 7HRIZBWT
L=2»REOMEEERL. AWYED GNN = a—&
BA YRS 72avyro7 (=% - TATL00K5 -
W7o 7) ETEBETS 20, A — FEORE M
PERNCH D AT Z E S ATRER BB Ry S THB L =2 W
BNCHEE L7z Ex N 3. ZRPOMMATIE, L=1
TREILFERPIFR LR T L, B X4 B2 A%
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’\04\‘\‘ 80% 4.0% 1.80%
1.70% 0,
4.2% § 3.8% 4.2% Ly
I S 1.70% - $1.60% - L
8;\4.0% S - £36% 3;1 o - §4.0«/. ES .
% -\./-\./. 81'50% I——I/L\./- : 2: Q3.4% i - G2 Q3.8% @1'60% A G2
& 3.8% g 8 8 1.40% * s O S - G3
T 2 £3.2% a T3.6% B 1.50%
" Z1.30% z
3.6% "\“\‘/ﬁ\‘ 1.50% A/‘\r_,/‘\‘ 3.0% 3.4% 1.40%
28 1.20%
Y % o> 2 40 1 ¥ o 2 40 87 3.2%
o8 o8 0% o o8 0% 0.10 0.30 0.50 0.70 0.90 0.10 0.30 0.50 0.70 0.90 1 2 3 1 2 3
AkcEe AkeE @gnn Qgnn L L
= . "
(a) KGE BRDHEA Akcor (b) GNN residual & agnn (c) GNN J@# L

5: FENAL R—2%F X — 21T 2L

BB+ CTIRWATREMENE 2 5, L = 3 Tldi#TEk
A RMEFEDFE X D HRENE T T 2 AlREM D E X 5
ns.

=O

i

6 %

ABFETIE, w1 F X4 VHEE (MDR) 1B 3 ADIEB
DFl L, SERAFRO R R RIEH Z WAL S 2 720, thaa R
T 7 ETRAL VAERBL X4 VERREZDHEL TF
¥ 2 GNN N—2HEFE DKGAT 2HREL -, BEFE
T, =% - 74 74 - HIFET —RIZOVWTENENTER
HrBEERAEZERL, 22U LTI L7z GNN =~
A-XEWHT 2 - RMORBRFLE I L — L7 -7 RT3
Z2 T, RXA VETHEINZEIFE K X4 VEAOEITE
FRFCIZ 2 Z e 2AJREIC L. 542, M7 5 7 ko7 7
Vya VBB X UEATEAKS T 7HDAARTEAT S Z
& T, HEECE F R AR B (R 2 SR8 U e 03 & REEH
ATV, SRR SNSRI HERES £ 7LD AL T ¥ 2 ATRE
2L 7.

Amazon Review Data & W= K X 4 VEE TDOHEER
DFER, DKGAT 1ZBfFD MDR FHEB XU KG R — 2 H#fEE
FELH L T—H LU TEWHEEEREZ R L. 72, 77—
Ta VIVED S, RE S EERBODEE, Hi#s S 7HE, 77
V¥ oa Vi, BXUOEAT EHER ST 7 EDIABDHBRIC
BEREL T\ Z e 2R L. X512, #HdAARHEOAHRIL
BIUOT7 70 a VEADODICED, BEFED F A A V3
BORME R X 4 VEHOR ML B 2 REZEMTHRZ, 24
ZAUSH UTH AR AR EBIRCHE L TW 3 2 2 AR X
nr.

SHBOBEE LTE, X ZRLABEGEEOA#S 7 7
ANDIEEER, R XA VEDPE SICEWRBBEREICBWTS R
XA v EOMBRBEFRP LR B IEER L EOHICEE TE 5 X
S0, AT =T TNRT—%T 7 F v NORERBEEHIETTET
H5.
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72 7S EE R LA OEHEH#HEICH O KHEE T LORSR
HAR BRATT E#E KBt | 30l
T KRB TEHREAZER T 565-0871 ABRIFFWRHH T 1L HH

E-mail: {{sone.yoshiyuki,douse.yuma,hara}@ist.osaka-u.ac.jp

H5EL EFE, ELEDT 4 — PNy 7 Z2HAENCRS TSN E T I 7 RXR—ADHEETAMNEHZED TV S.
UL, BFEFEEBHSNALZITRTOAED T 4 — PNy 7 2 —FIH 24 LTS, ERF0BD 7 1 —
RNy Z ISR B D & BRI E72 ¥ OBEIR 2B £ TIRAWEEEOECHEE ST 2720, o ZFFICH)
STV OBHFEREE LS EDIFREE RS, ZOHREIHLT 270, RFFETIEADT 4 — v
DFFEMEZ BEICINCHE 2 2 B 2 H#EE £ 71 SANE(Structure-Aware Negative Reliability Estimation for Signed
Recommendation) Z#EZ 3 5. SANE X, fFEtE7 7 7 OBBERNRMEEERY, OB X 2 MENEMEZ v
TREDA V&R F 7> a YOEBEZEINCEHEST 2. AFEEITXRTOAEDT Yy D2 —fIZ]kS DTIE R, #HE
SNTEEERZESOWTAEEZADL y INOEAMIFEEZITS. 2L T, MENIIFET 2 EHEEDRVED
Iy TR L TR, HDAARRDEAZ S 7DI27 7 7REERZERNBIES 5. 51T, BIEEAY 7 7%
AW EEZEAL, RS T 4 TR E BEINCEN T o - HOBEE & ORI RIS 2 @0, #*
BoARE ) 2 Kigwch Exg 5. FEHFT—&ty F2HOWREROME, SANE ZITERFEITH L Recall@20 T
K 6.34% DYEREM) B2 R L 7

F—TU—F WESRT L SRR, A0 7 4 — PNy 7 BEEMERIT

Z—RICHEN A 2B e UTHE ISR S 720, 20 X 5 724TH)
DEMEXZIRZ STV [2,3]. EHEMEORCEEI 2 {Ei
TR R e FSEICR S 2 2 iE, AREFOL NI —F T
AT LDEDIAARBE LR X VY, 2 —F DRELFZER D&
Al U THEERLZE L KT E 5.

OB T 2728, AETIZEADS VX5 ay
DIEEMZBEISHNCI R 25 & 75 JH#HEE € 7L SANE
(Structure-Aware Negative Reliability Estimation for Signed
Recommendation) 2% 3 3. SANE 35 %275 7 D
B S E R S BN X N 2 MENEMEEZH VT, £8
DA YRZ Y ayDEEEZHINCGEHES 2. $XTOHED
Ty YIRS DTIERL, THEELRADT Y T LT
BEEICESCEAMNIZEA L, #HESIhimEIcEWT
FENOHELTET 5. X651, HMEMNIFET 2 TE
FHEORVEDOTy YEREICEIEL, HDALREDEALL
Bid. BEZAIE, ZOBISHRTATED 1 — D 2 M5
b TR, HOEHEZIEHICKMS 2 X5 ICADEEL
BIELTWAZ2THb. X512, BIEINEHEDESWR
ENMETST7REHL, BIEEAZ S 7MRFEEES 2 -1 %
HBAT3. AEY 2 —0iE, HORAAERIIBWTRIS T4 7
TRRERT & HEERICET T o M- EORE ¥ ORI 3
NE@E»E, FERHOEAOHMNGE N zR LXE 5.

KR D FERERIZUATO@ED TH 3.

o BADT 4 —FNy ZIZBYBIEENMEEERRY MICE
HL, BRREHEEHE & EEEICHED S EAMTT Z2RH
T EFI AN EHEE T L SANE 212K T 3.

o HOAARBICBI 2 IEAOHIGEN ZED 5720, K
T 4 TIREL ¥ REENCEMT T & M- BEOREZ IRV

1 F

HEFE > 25 513D Web 4 — L XA BTHEGEI 7T v k
7 4 — DB TRA RS e hoTn b, flxkD2—H
DREFICEDEEEa Yy 7Ty Y RRMT 2 2 TEREZ E
BT 5. R 7 4 v 20 > 2B W TIX, graph neural
network [9,11,30] % graph Transformer [5,17,28,33] 72 £ D
75 IRFFHORENPE L VESEZ 5L TWS. b
DFEE, 2—HFeT7ATLDA VRIS aVyR2 TS5 7
ELTETIMUETZ 22T, 77 7HEICNET 2 ERDMHHE
ST FVENRINCHEZ, RIEHOHEBEMRELERL TW5.
LHL, SRNHDOFREIZ Y v IRBAREDIED 7 4 — RNy
ZDAZFEHLTEYD, KFHEPRAFy T WVWokBDT 4 —
Ny ZRFEHL TRV, BAD7 4 — XNy 732 —9 93
RS P WO FHRBRFESLD BRMT 0, EOT—%72
TR ENROZANTERBNREBIFE T Y » 7 Z AR
T35, [15,23,24,27)].

W, TOBEDT7 4 — KNy ZJOEEHICEHL, EADA
VRS arERNENMNESS T (Signed graph) & L THEH
IR T AT SR OME T T ANESE LTS [4,20,26].
ZNSIIERDIEGI D A DFiE% LR 2 PHREZER L TV 525,
MEFEOZE, Blllah2TOADA V&5 7 avk
—HICEOAF], Thbba—VORERIEHETH 2 L IEL
TH¥R%E{ToTLED [5,14,20]. Lo L, HEDOZ—HFITE)
WKBWTHAX N2 AaflE—fTid <, THHIERBEE) 25,
BRERRDOA—BUC & B THERR RN £T, BEWAR
7 PABTEET B [15,23]. BEFEEZASDTXTOALN

&
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WX ZBIEEAS 7 7 MREE Y 2 — L2 ETT 5.
o 3ODEMHEFT— Xty bRV EIEN R BRI X

D, REFEDVBEFOREMTE L R U CHER AR

LERERTEZRRL, TOENMMEERFEIET 3.

2 Fa %
AREITIX, TRLFLELZERL, B 27 OEX

RECER

M ANDZ—FDoRZ2EEE U = {u1,usz, ..., um}, NED
TATLIDBRDZEEE T = {i1,i2,...,in} £ 5. KKT
i, 2=V 7ATLMDA VR I a v ERENEZET T
7G=U,TLE) e LTETMLTE. ToVHEEE=ETUE
X, HWICHERR 2 o0EnES, $ROBEDT YIRS
ETYAEDITYVELE POMEER, ETNE =0 B
729, 22T, ET RV ubBT AT LI LUTHEA, &
Tl WoIEDA YR arREL, £ IFKIME, R
v Vo RN AERR Y ORDORIEERT. 757
EERBINCRHT 2729, HENEA VX F7 7> a 75
Ac{0,1,-1}"MN BEHTS. ZIT, FER A, IRD
o5z nd

2.1

1 if (u,i) €ET
if (u,i) € £~ (1)

0 otherwise

ZIT, 02— HFu e TATALAIDRNCA VRS 7 arh
B TWRWE 2 2RT.

2.2 MERTE
BHIENHEME 25777 ¢ 52 oz =, Rif
ROHINE, T—H uw ORBHT 4 7 2 i 1T 2B Ra7
Gus ZTHIATRERMEE TN 2EE T2 THS. ZOHN
BERT L0, F2—F u 747240 2Z0FdRILD
HDHAANZ bl ey, e e REANETY VY ZT 5. R, Z
NOEDORBE R a7V ¥ VB s(eu, €:) CATTL, Z—FDIE
HERHETET 3. BRI, EFUETHIR 2 7ICESWTRE
W74 7627730, -V IIHLTLEMN K o
BYZANEERT 5.

3 BEFE

AHITE, BOA YR T 7YaryORFEEZENCHEE S
22TV OEFERANZ MI¥ET S, HilkkFSHM
EHEEE TV SANE 21853 5. X 112 SANE 0% 2R
3. SANE X, UTFD32DEY a—LhbHlIhs. 12
HZEXOW#HS 7 IV ek Z2/ENEr7 72 va—x
(Signed Graph Encoder) , 2 2HIZA4 &5 7> a > DIEHE
Tz BN ER(L LRI 2 B IE T 2 &R A T T 4 715
FHEHEE (Structure-Aware Negative Reliability Estimation)

DEIM2026

EVa—, ZLT32BEA YRI5y a Y ORBEEICED
WTHERS Ve L, 21—V ORI & BEL NEEIcE
FYUZFB I TEE b X2 &8 2 SR
{t. (Structure-Aware Optimization) €I 2 —LTH 3.

3.1 §SEI/>7T>3-4

AT E 7 F 7ICNTES 2 8RS 7 L 2 R
2B, Ny 7 KR—rTra—&¥ LT Graph Transformer
T—%77F v 2T 5. BERIZIE, SIGformer [5] TE
AENTAHI =X L Z2ERL, A7 M UERE SR IERZ
Transformer IZFiE T2 2 8T, FEMNETT 7128125 K
BB & FRFTI RSS2 — O G2 Z 5.

3.1.1 Graph Transformer &

IV a—RFEBD Transformer B SR IS, FIH
ID HDAARBE EO v Lz &, IEHO/ — FDiAA
15% B e RV vgg L, IEEIBIFS . — FRB
DM T H L RBFRD &S5 ITERLEh D

O (O T
Em_;Gwmw(Q‘il)+P@)

@)
+softmax(P1(,l))> v

227, QYW =KW =vW = ECD 32z Query, Key,
Value {75173, %7, PV v PO @zhzhfFefs 2~
7 MLz a—7 4 >~ 2 (Signed Spectral Encoding: SSE) ¥
FEft& 2>y a—7 1 2 (Signed Path Encoding: SPE)
ERIANATZRETHY 6], TNHDTYa—F 1 7%
ATBZrT, BRZRA7—MIBI 3 KBINRARY PLE
P& R 72 R 2 2B < B R Z £ T MCHARAA TV S.

3.2 MBERBBRHT« JEHEEMTE
HEfErsvzrya—ghoBohi/) — FREFCHEIE,
RED 2 —NEA YR F 7 a v OEEEE2ERILT 2 HEN
HLEEEEZEAT 2 22T, BEEORNA VXS 7Y ay
DB ERIRL 277 7SR BIICUEix 2 5.

3.2.1 JEEBEELE

2L DMBEMRICBI 24 X5 7> a > DIEEEHEE I,
R ORI 2D IA BRI DR I B DWW TIT b 5.
L2 L, Zhe0FHRIHCHENREREEEEATNS.
Thbb, THRERAVRTI7 av kAR EEEEIN:
HOAAREIL, BEOWEMHEE % EHEIC KT E TORWATHE
HHEN., ZD X REBAFLKBRZER L S5EBE SN ZHDIAA
RETHOCCTHEGEERHES 2 &, ARIEEEOEN A
VARSI aYEBEoTHWEEELIMELTLES VRIS
L3 [32]. 2D R IESWTEFILORELE D
522, YIHAOHEERRZE YRR CHIE - BE(L X8 54
Rekb, RFENOIRPYEE ORZE A BER L 125,
Bz, EOA V&I 7y a TN TEERRERED A > &
S7Ya iZBWT, ZOMHEAIEETHS.
ZOMBIHLT 2720, AR TIEIFENEFTF 72>
a—-XD0EEHB X 1 EHOHMIZFIH L =M rE e
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Structure-Aware

Signed Bipartite
Graph A

Users Items

Signed Graph
Encoder

Layer 0
Structural

Similarity

Layer 1

Positive Interactions

Negative Interactions

DEIM2026

Structure-Aware
Optimization

Rectified Graph
Contrastive Loss

Lc

Total
optimization
L

Dynamic
Rectifying

Reliability-Guided
BPR Loss

LBPR

Weights
Wyos» Wneg

Reliability
Reweighting

Xl 1: SANE 027 —F%7 7 F .

BEOL W R EEEMETFEERET 2. ZoHEFRE, &
BffErs7zya—RzBnC0EHE® 2 — FEED
B#eEL, 1EHEY 3FEME75 700, — Krok
WEn-RFaEEa Y 732 P 2IEZ 2 VS Rtz A
T3, REZ4V—RE [12] KHEDI 2, 2—Fu 74T A
i O WIBIFBROEE T 256, #hzho/ — FES
KHIAVOMEa Y THFA P EFHO—HEELRTEEION
5, Z07Y, ZOEMOELUEEZHEZTL AT a
Y OEEERFMT 2. ChErERILT 279, T
AAHEO v 1 EHoHN ED el dhza—FBL07
AT LRZ PV LUT, Ly IEFRbEEHT3.

0] o e®

0 _ _Cu __%
u I 7 -
el Iz e 12

iz, TITELNEZERERZ bW, 2 00 E2HE
WHBIRT % Z & THOMENELE s, 251HE T 3.

for I € {0,1}.  (3)

1
s =3 (09 B+ 0P 0®) @)

ZLT, ZOMBRENEZHERNLZEBEER a7 LTHRS
7, fGohlav 4 VELEE [-1,1] 225 [0,1] N HTEE
#1535,

~ Su,i +1
Sui = o —. ()

ZOESL I N EEELE 5, 1%, RO V257> a
VOFENES T 7B AHMEOREELTHET 2D TH
h, B—ofEcio  BMARELUE & i LT, HDAARE
DEADFELZIIC WEBELRGHEEHE L FRECT 5.
3.2.2 BINFE(%7 7BIE

BN, BRXREA &5 7Y aida—F OEEN
BIEIFRES Y L TWARETHS. Larl, Blatks o x
7Y avORFEERY T 7 IHEEN BTG RSS2, Tk
bbb, BVEENEEEREOIC LI DST, Ty IUNAY
LTI UMFFENTLESIRETHZ. ZOFEZMRET S

Fed, RFEETIEBENZBEEEZ EDS 7 F AN EINHE
EF37ntx2HAT 5. BARKICE, & HNokEEERIE
DY TFANEBIET 21DDBIEERE ppey € [0,1], ET H
SBGEERET22DDT7 4 VR Y Y IRE pL.s €[0,1] &
EFETD. Tho OB 2 BCHRBEEET 2729,
HLER a7 OGS LR p 1o T 290 AB O(S,p) %
BAL, UTFO XS cHEEEHET .

Tpos = Q{Bui | (u,7) € ET}, ppos) (6)

Tneg = Q{8ui [ (u,1) € €7} 1= preg).  (7)

INSOMEERCT, 41257 a Y fTHl A B RDES
WEHTT 5.

0 if (u7i) S g+ A gu,i < Tpos
if (u,) € E7 A Sui > Tneg (8)

A.; otherwise

ZIT, ABMEAEDA YRS ayTHD —1 TIERRL
FEHERT 0N BEXAZHICEBEIhZV. Zhid, &
TV IZREDA VRS 7Y a R RBETIIRL, B
RBEEEOBENS T FANTHE I ERKMT 272D TH 5.
ZO—EHOTuEL ALY, FHINLEI-FORETF LT
3 X577 TREEDREBIMNC MR I N .

3.3 HBERHIEREL

AHITIE, BEEICESL BPR EAMNIT LBEEAS S 7
WEEEE A LSRR oRE L HNBERERE T 5.
ZOHINE, MENREEECESWTEEY P LOMEE
BRI T 2 2 £ BT, 2—FOHEOIELT L EFEEDOE W
BEE Y R RIS X222 TH 5.

3.3.1 {EfEEcES < BPR HAMT

R EHEEE 7B 25HER L BPR $H2C [25] 1&, #1
HENTZFTRTOEDT 4 — RN 7 2RFIRS 720, BiE

-5G-02 -



5G-02

HROAD T 4 — PNy I AR O —ERFHEE OE W
FREXLTLES. #lxE, —FNZROAR—HIC & 34
HaRRRERME ¥\ o ZIBTEN R B RE R LT, BRI TIRVE
HERITEOAH L FHEDRF LT 1 ZHT 2 2 IEYI T3 R
W [8].

ZDT7 14— XN ZORG—HIHLT 3728, RFEETIX
BHEEICH S EANE BPREXZLUTDO X5 IIRET 5.

Lopr ==Y wpos(tt,§) N0 (Jui — fu;)
(u,i)€Et
) A 9)
_ Z Wheg (U, k) N0 (Guj — Juk ),
(u,k)eE—

ZIZT, fu = e e BTFHEALBIFR a7 2RT. B
g2 —FBIO74 T aRHEZITXRTOEDOH T %2 FY
ftg3zzrciEoh, zhrile, = L%lzfzoe(u” BIp
o= Yr el rLTERLE NG, EoiT, jiEa—Y
w L T—RRICH > TV v PSRBT 4 T 252K T,
HA Wpos (u, 1) 13, MEEDEVIEIF DY LT 27012
KD EIIERT 5.

Su,i

Wpos (U, 1) = (10)

max(ul ,i/)€£+ Su’,i’

—F, BOA YRSy a i T 2EAR, WBEOMELK
B3 2 & 5IWERT 2. BOMENELER a7 5, IZRED
EWEOEGE KBS 2 BOENFIED > 7 @R L
SEHRANCED 8y IZREDTTWEBEN R BEEEE®R T 2 &
RIS 5. L7222 T, Wney(u, k) IZRDEIITERT .

1— 5y

maX<u/yk/)€57 (1 - gul,k’) ’

Wneg(u, k) = - (11)

ZOEMITE D, BT VIR ANV > T uh 5 DAL
DFE R L 0D, MEOEWARID & HEREFER %%
BS2IehalfEr 3. %72, BPREBEROFHEICEEINC
BIEENTF 7 TR, TOBHENI A V&5 ay
ETBIUVE AT MBSV, 2, Rk
Tat XN 7 VR EIINCRIZX B 5 & BB A
BEL, FEPRLENT 27D TH 5.

3.3.2 BIEEAY Z 7 xiREE

HEE > R 7 2T BT 2 BRI E T, RENTH
OB ENZEEEOD 274 T o2 AGIE LT
W, ZNHORBEFRMNGEZITTLES 22220, 20O
ST 272, AFETEENBEShZSZ77 A %
WAL, 22—V OmgIF e PRNGREEEL ML E ¥ 27 4 7 440
DOMREB Z 27 2 BAT 5. BRI, Hro2—F04
VRS aVBRRIHEHOWTTATLART BT, 21—
P u T BEEBFADEBIVAD YA TLEEEZNZ
NP, ={i| A, =1} BXUON, ={k| A, =1} £T5.
BL—F ulZOWT, Py b7V I —T7ATLi LIEDTA
Thj GFG) BITVITL, A—2—FDBIEDSL VX T
7 varvEiTole7 47 AR E@»ES. Hi, BO7
AT Lk BHAEEG Sy CNL, DO TVUIL, FEND
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£ 1: 7=ty b OFEHIH
Dataset ‘ #Users #Items #Interactions Ratio (Pos:Neg)
Amazon-CDs 51,267 46,464 895,266 1:0.22
Amazon-Music | 3,472 2,498 49,875 1:0.25
KuaiRand 16,974 4,373 263,100 1:1.25

7ATLERINCHEEX NS 74 7 L8 ORI FE S 2 B0
3.

BIEICER LB 74 7 LRH (e,e5,er) ZHVT,
BIEEAY 7 7B 2 0BHEAEMToRTERMLT 5.

exp(s(ei,e;)/T)

Lor = 7;%;% log exp(s(e;, e;)/T) —|—Zk€$; exp(s(ei, ex)/T)
i) a2)

ZZT, s() iEad A YEMEERRL, TIXRERT X —&
Ths. BEERHLLT, 2OV YTV ITMEIERAT T T
A FTHORB I THB. ZRITXD, BIERNRGIEM
Py KHAEHIN TLI—FOFL T4 T LANEIELL G EFHE
L3 —FT, BOBEDAN N, ITRFE S ERHEOE VK
HO7INERETE. ZOBMBERICKD, -V O
BEEOW 2 IEMICRM L7z, @Al OEWT 4 7 LA %
ZERISHEINS.

BRI BB, s oiEkEfHAaGbEZD DL L
THUTFD &> IcENELT 3.

L= Lopr + Acr Lot + Areg||O], (13)

ZZT, OFITRTOEEARESNT X —XERL, Acr BEU
Areg FZNZIVHREE B X Ly FAHLOEAZHIHT 2 N
ANR=RNFGRX—=RTH 5.

4 ¥ ffi R B

AETIE, 3 00ERMAFT—% ¥y M EHWT SANE OF
SR RGE T 5. BRI, (1) BEETRRICTHT 3 2%
MERELLE:, (2) BEY 2 — N OUHRANDOFSERRAET 27 7
L—a Y RA&RT 4, (3) FEANAL =0T X — X DEE T,
(4) FEBEICBT 2 IEADOBINGEN DT, (5) ¥HFIhT:
DA BZER O L OB S D & F-Mi % 1T S

4.1 RERETE

4.1.1 F—Xtv b

FE B 21X, Amazon-CDs, Amazon-Music [22], B & U
KuaiRand [10] @ 3 DORHF—&ty b 2fHLE. &7 —
Z¥ v b OFEIEER 1 1RT. Amazon-CDs B & U Amazon-
Music lZ2—F L ¥ a2 —F—&XThHD, FEITHIRIHEY, G
A EZEDY 4 — PNy 7, AREEZADT 4 — F Ny
L TH»7. KuaiRand &> 2 — bEIEI T 7 v b 7 4 —A1C
B 22—FTEasTchbd, 2V vy 7TEEIEDL Y XF D
Yay, BEOESRLEDBHEAMTEHEADA VY RF 7T a
YELTHELE. IRTOTF =Xty MIXLT 5-core 7 4
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£ 2 R=R5 4 e OMREHE. REEREZRKFTRT. £/, OOM EXEVARE, *dp<0.05 TOMAWAREMEZRT.

Model

Amazon-CDs

Amazon-Music KuaiRand

Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20

LightGCN [11]  0.1317 0.0772 0.2734 0.1608 0.1195 0.0579

SGL [31] 0.1355 0.0804 0.2919 0.1743 0.1127 0.0561

Unsigned NCL [19] 0.1269 0.0742 0.2935 0.1749 0.1326 0.0651
Graph-based RS gimGCL [35] 0.1297 0.0779 0.2402 0.1479 0.0868 0.0440
XSimGCL [34]  0.1311 0.0783 0.2724 0.1637 0.1078 0.0540

LightGCL [1] 0.1264 0.0731 0.2149 0.1256 0.0881 0.0431

SiReN [26] 0.1364 0.0798 0.2936 0.1755 0.1153 0.0570

Sign-aware Pone-GNN [21]  OOM OOM 0.2751 0.1657 OOM OOM
Graph-based RS g1Gformer [5] 0.1420 0.0840 0.3030 0.1812 0.1489 0.0720
SANE (Ours) 0.1490*  0.0879*  0.3222*  0.1880* 0.1563*  0.0755*

Improv. +4.92%  +4.64%  +6.34%  +3.75%  +4.97% = +4.86%

NEV Y ZRBERAL, - BEE - 7R T —&% 7:1:2 Dk

RTF VX LHEILT.

4.1.2 FYffi 5 12

HEEMARE DRI, #HES 2T 2281 3 ZHERN

Top-K $E1E T3 % RecalloK 3 & U NDCGQK ZHfH L7-.

Recall@K & Top-K YV A bHOBE Y 4 7 2 O E|& % HIE

L, NDCGAQK 1Z EfICHE S N7 A T AR I D EVWEA

ENE5TEIeTIUFRYIMERTMET S, £, ATH

% [11,34,35] 16V K =20 & L7z, TN TOEBFERIL 5 [

DN LT EITOFEIEY LTHRET 5.

4.1.3 R—ZR54

SANE OB CEINCHEES 2729, UTFD 2 273V

DESEHRNR—R T 4 > & R L 7=,

1) FEBRLISFITIRN—REBEFE  EDS &7 arDAh

ZRAT 2RBOBRFIEREHRA L.

* LightGCN [11] : FiZE e IR HERR L, H5E
FNTRHME L 722 B GNN.

e SGL [31]: 7' 7HE R IR U THBIRZNIR Y 2 — %24
F % HOHEM D H FETFE.

o NCL [19] : HDAAKRZ 52XV > 7 5E N X h 5 Ek
W3R 65 % TR 3 5 0t B2 E FIA.

e SimGCL [35]: / — FEDIAKIZT VX 5/ 4 XEBH %
MNZTTF — ZHEEREAT 5 W HREE Fik.

e XSimGCL [34] : SimGCL 243k L, B Z & oEENic X
SMBENRFBeERT 27— 772,

* LightGCL [1] : FRESEZ W7 7H5RIC X 2%
REYIe i e T

2) FERWBEIT S IRN—EBFE: FATNADA V&5

YavENATZFEERHAL:

e SiReN [26] : [EZ' 5 7 L8275 7h S ABNIF -84
AETEMM TG T 2 SR BRIk,

¢ Pone-GNN [21]: [FEAD 5 7 ETEANIA v —I %y

Oy ZERITV, MREETHRET % GNN.

e SIGformer [5] . ff SN EART Py a—F 4 7k
NRRALYa—7 4 ¥ 7 %EHT % Transformer X— A DE
FIb.

4.1.4 RTIRXA—XFE
SANE O {bIciE Adam [16] ZEAL, 7V vy F¥—F

WED AN R=RFT R =R ZHRR U T2, BOIABRITIIFATH

FIZEDLETd =064 & L7z, FEHEE le-2, BAREY le4,

SR E DIEE T X — X% 7 = be-2, Transformer B %

L=3, NyFH A X% 1024 ITRE L. BGE7 4 LvED

TH ppos, TREMEEIER pheg, BEUOMBFEEDEA Ao 1E

{0,1e-3, 5¢-3, 1e-2, 5e-2, le-1} DEPH TR L7z, 2R HIX 20

IRy 7 ZeZEE v M CRHfiZ ATV, MEEMEAEAY 10 [A]5E

BoCE LR WIGEIC Y 24T 5 Y] 2 BHIRE THS 28 L 2.

4.2 2N MRELER

# 2 WWEFROMREHERSREEZ R, SANEETRNTOT—
Rty MIZBWTERN—ZX T4 YEFREICERD, Amazon-
Music Tl& Recall@20 THA 6.34%DEEEK L. 2o
DFERP S, DIFOHIABE LN,

AR LABEZFEICHT T ZEAM | SANE & XSimGCL
% Light GCL 2 ¥ ORFESDFIER L 75 7FEEz—HL TR
B/, ZOfERIE, E0FT 7E2IERT 3723 TE#ENND
B 2 HDIAALZEB ORI T TH Y, KO T 4 7T REL
HGEINCEM T S N IR R B e R X2 5 2 2 R
AIRTHZZ L ERLTNWS.

BEORSRERFERICHT 280 | MEOFERMETFIL
COLBICED, ADT 4 — RNy 7 OEFEEDEWEE RS
32 DEEMNS RSN, 1EROTFEMN EETIUITANT
DED Y 7 F % —FCH B e LTS 720 DiA L
FKEDEAMEL ZDITH L, SANE IZEMEE 2 BHNCFHM L
FERLADT Yy PR EAMIT TS 2T, BEOL—VIELFZE
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#£3 7T —varyARRT 4 OFER

Amazon-Music KuaiRand
Method
Recall@20 NDCG@20 Recall@20 NDCG@20

Baseline (SIGformer) 0.3030 0.1812 0.1489 0.0720
w/o CL 0.3095 0.1807 0.1501 0.0719
w/o Reweighting 0.3146 0.1838 0.1529 0.0742
w/o Neg Estimation 0.3152 0.1870 0.1519 0.0737
w/o Neg Rectification  0.3126 0.1868 0.1513 0.0735
w/o Pos Filtering 0.3183 0.1864 0.1534 0.0744
SANE (Ours) 0.3222 0.1880 0.1562 0.0755
o. Amazon-Music 03 Amazon-Music 0.337 Amazon-Music

©0.32 ©0.32 \,,/\ ©0.32

& & &

® ® €]

031 =031 =031

: /\ s s

€030 <030 X030
02975163 563 162 562 161 0 0.0010.0050.01 0.05 0.1 0 0.0010.6050.01 0.05 0.1

o Ppos Pneg
KuaiRand KuaiRand KuaiRand

0.155 0.155 .//\/\ 0.155

S S I

® © ©

T 0.150 T 0150 T 0150

S S S

& & &
0.145 0.145 0.145

0 1le-3 5e-3 le-2 Se-2 le-1 0 0.0010.0050.01 0.05 0.1 0 0.0010.0050.01 0.05 0.1
cL Ppos Preg

2: AC’L, ppos, pneg 535@?‘5)\4’ /\°—-/\°‘3X ”‘&E&F;ﬁ\*ﬁ
(Bt : Amazon-Music, FE : KuaiRand)

& BN ARF L TV .
FABT—EAAEHICHITZAONZAME: FADL VX T2
> a VRN 1:1.25 13E T % KuaiRand 7 — Xt v 2B
WThH, SANE FZE L ERER L2 #ER L. Zhud, (58
HEDOENEADT Yy I SDFE Y R PHEKT RN TTD,
BIEE AT 7 7 B E BB R IEfIcEEIhs ekl
NZ MR A TE2 Z e RFIAEL TV 3.

4.3 7IL—23aryRa7«

SANE OFEY 2 — VOEEZMGET % 72%, Amazon-Music
BELUf KuaiRand 7—&ty b ET7 7L —>a Y R&ET 4 %
FEhiL7e. FRE2E3ITRT.

WRIOUTOHIERSE N, £F, 24T 1 T 5HEEH
EEY 2 —NEEZRELZHE (w/o Neg Estimation) 12
HREDMER T L, WEWNR YT 7B AR TH 2 Z LIRS
N, Zo7atANTE, HEECEBIEDHEL (w/o Neg
Rectification) B X MAGED 7 4 v 2V > 7 DXL (w/o
Pos Filtering) OWFhdBEERERETEZISEI L. 2
DAERIE, WD 7 Z 7 FRPEEME O @ ERER 22/ % %)
RBCIEKRT 2 22 BT TS, K, 77 7BEDOA
ZITWEEEICE S BPREANITZERB L 5E (w/o
Reweighting) ICIZREMRHEBICE ¥ E o7z, ZhE, HiC
7o 7 EEMABREITEATATHD, #HESNIAEHE
WHEDSWTEE S I NPT 208N H 5 Z L 2m LTV
5. RIRIC, BIEFEA T 7 7NBEEORE (w/o CL) ik
REZ RN &1, HDIABRBIOFAN NI LIZBIF2KREY 2 —
NOBEIPHEEX NIz, XD, TRTOEY 2 - EHRE

DEIM2026

032 0.280
20270
&

@
= 0.260

Recall@20
I~
N
®

S
9
& 0.250
o

v

e
N
o

®© 0.240
>

g
Z0.230 —— SIGformer

—— SANE

—— SlGformer
—=— SANE

0.220
200 400 600 800 200 400 600 800
Epoch Epoch

(a) Recall@20
3: Recall@20 B & U Negative Recall@20 D% iz

(b) Negative Recall@20

352 TSANE IHE L HEELFRFICRRILTES 2,
MR X 7.

4.4 NAIN—=INF A —2RBRESN

SANE ® v N2 MEZFHE S % 728, Amazon-Music B &
f KuaiRand 7— &t v b ETEBENAL R—8F X — R ITHT
BIEESN ZIT o7z, FREK 2 1TRT.

WREBDEH A\cr - Aor DEIMTHEY, SANE OHEREIEH]
MowEORIZIKTT 2HHAZRL, WIhDT—&ty T
b 0.005 TREE Ko7, WER Aop (3 DIAARILD K
NZzED MR ZMEERLE UTHEREES 52—, BEICK
= {ll1Z BPRIBROFHNZEWEL, H#E74 02 07
a2 HELSBRBEME 2L,

TS TEER ppos BEV prey - THEDANL R—RTF X —X&
&, BIic 7 4 v 2 v 7Eh B EEEB KL EBIEE N AR
HEOHEZHET 2. WTADLE S AN RN PR FIHAT
EORITIETL, /A XERE HIRAROANT v 2B 6%
H2 KL TW5. HRBEMEIX ppos A7 Amazon-Music T 0.01,
KuaiRand T 0.005 TH 272D L, preg (EVTNLDT—X
£y FTH 0.0l TEHL TV 7Yy 72X MROFT—Buz

FBBEIDERA VRS2 aiZI—#THD, Zhb
DLERZ MBI X E % L HORIF 2R - TREL, HOBE

HEERBIGHEACEBELTLESY. TR, T—%ty
F DEHEIZIE C TREER 7 4 — RNy 7 DR8I %
3 % SANE OEIGEEE T TWn3.

4.5 FEBRODH
Amazon-Music 7— &+t v b ET, Recall@20 5 & HETE

HETH % Negative Recall@20 O¥-Eif % Al L7z, Neg-

ative Recall@20 &, L —¥2BHRINCEFHEL 7274 724D

b THEIN 74 T L0EEERL, UTDO XS ITE

FEINh5.

Zu N &y |

] (14)

. 1

Negative Recall = W ;

TIT, T, Ea—¥ uilk L TERS 7z Top-20 #EEE Y 2 b

Eo Ba—H u BPRINEFHMEL 27 4 7 2 DR EZRT.
3ITHERERT. SIGformer [ XFEHICIED 7 4 7 L 12h
T oHE MR EEEE T, M IRZADTA T LD
HEDFFRISEMXETVS. 2, SIGformer 253 XTD
BDO7 A T s, BIREZEDY 7 F VRTINS
eHTH 5. MEINC, SANEZIED T 4 7 2 OHEEPERE % )
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Uninteracted
Negative
Positive

User

Uninteracted
Negative
Positive

User

of & o®

(a) SIGformer (b) SANE (Ours)
4: FEFEHHEDIASLZEH D t-SNE AJHHL

LxEo0D, HOT7 A 7T LOHMEEZNHEITZ Z 2 iIEILTW
5. ZOfERIZ, BEEICESSEAMTI BN T JEED
BB D> 7L OMELNRMHFIL, HOBELZIEL
EXITWAEZ DL TH 5. BRIICEEXhZ7 4 T
LEBROTHET 2 Z 23— RBEEE L (BRSO 20, 12
EFRRIFERNZEIGE L BRI AT LATHEENE 5.

4.6 T—RARRT4

SANE 2REFEICE 2 2 BT EENCHEFET 579, 7
VEMGERLIA—F L ZDA VRIS a ViIFR RV
X577 arT7 AT ADFRBEAEDALZER % t-SNE XD
AL L7z, B4R & 512, SIGformer TIXIED T A 7 A
CEDT AT LAMNRIEL, PRINICEEEIN7 4 T ah 21—
PHDAADIFHICHBEI N TS, UL, EEE0RR S
BD7 4 — XNy 72— RIERY LTRSS 2 TF
U2 HDIABRBOERLER L, BEEOERVEDT 4 —F
Ny ZICBREEAFEEX R, WOEESRT 7 4 7 LY
WP E 2Ry Lo TWwa, MIEMIC, SANE X
WA 7 Z2 81 2 B % R0 R A1 0 D i W LD A B ZE R B SR L C
BY, EO7A4 7232 —FEMBCEETZ—F, BOTAT
DA REINTWS., ZoOaFLRERIE, 10&5
2 a YOREEICESWT Y S 7S EHISINCEIEL, 4F
FNDT7A4T L EOBEYL OMICKFEN 2 @H1E 2 TH
D —VEXE KL BRI E#ET 2, IRETFHOME
I EE OB E BN TV 5.

HEEOD

SANE O%FE axX ME 3 DDERE» OMREINS. FEN =
7571 a—R1 2Ky ZHED O(M+ N)dN), K&
BB H T 4 TEEEHEED O((EF |+ |E7)d+ |€| log |E]),
SR D < BPR 1HK & iR & 70 2 M 8 A
(b2 O(Bd+|S|d) TH3. 22T, N3HrF)rrx
NBEFH, — RO, BldAyFHA X, |S[ &> 7V
VIEININEARTEERT. FEEHETY 21T =
Ry 27 QAN LBRTOAETENRS =D, 12Ky >
B DEHAZMNIT 7D 1 IZHBENS. £z, TXRTD
BAETEIEEYE 7 = — RICBE XN, #HEFREFICIE SANE 3
WWLRRER a7 ) v ZBBICIRE T 2729, BN
FEL RV,

4.7

DEIM2026

5 [8 & 3%

5.1 FSRMIIHE
BOI74—FRNvZ70MEE, EBROMES X7 412
BOWTEELHFE L Z-oTW3. AHOFERBATE
[7,13,14,18,21,26] I¥, BN E_H /o 72 L BHOY
T 7HEL, FhEEilony a—-X T 5. —
77, EFEOD Transformer R—ZADFIE [4,5] 1&, FFEfFE 2R
MLy a—F 4 Y ZERBL TKBRRBEEREIEX, &
SEOMEEERZER L TWS. L L, BHEOMNSRMEFIRIZ
BHIXN-BDA &Sy aryE—HICEDARE LT,
BD7 4 — Xy ZOEHEEDEVWEREY LTV, BERW
T 4= KN 2N T 257749V 7Fk [29,32) 25 Z ORE
WHLUS 2 ATREMEIE B 23, ZHOIERBEIA VX573
VHOREERIEN R LTEY, FRCEIIShZEDA
YRZUY a v OFEEEEISINCHR S BIFEFRIEEE LR V.

5.2 HBEIXTLICEITZNEBEE

F— X OB RN T 2720, MEEREHES 2T LB
WAL BRHENTWAS. SCL [31] 1327 7#EDIIRIC K D
B2 Y 2 — 24 L, SimGCL [35] B & U XSimGCL [34]
IR DIAAZERNCERE ) A XEBHEZHEAT 5. LightGCL [1]
R RS R W EER 21T 5. e EHEICS VY
Tld, Pone-GNN [21] SIEEF D 7 4 — RNy 71T RFEE
EHEALTVWS. L2L, 46 O8N LNEEETFIRIIA
BT AT 2%2Q00E LT TV 7T 200 RIITHD
BEMNTENS 74 T L ORBERHBIGERX T, FH I
2—PEIFZEMEED 2 2V RENDH 5.

6 & B
AWETIZ, BDT 4 — KAy 2 OEBEEOECICEH L

WEfEr7 7HE7 L —24 v —2 SANE 242K L7, HfF
ETARTRTOEDA Y RT 7Y ayie—fHCifkS> DL IxE
72D, SANE XA/ & 8 X 2 SN EME I &S
WTHOTy YOEEE 2B ERIL T 2HEEHRBZEAL
7. ETERRARBENME O B 2 BIS N IRR LS IO CE
AT EEEEHAT 22T, BEMEORLZA V&5 7> a
VI BSDRNR MRREFEEARRC L. X518, MHEIERNH
o747 2l EEZHREE L, REEEOMSEHREIEH
L CTHIDIAAZERIZ B 2 EADEF O EHEB L. 3
DEMFF— Xty M EHOZEERZFEBRICL D, SANE H
Recall@20 THK 6.34%DWEHEEZER L, RBEFEOANMNL
SEREL 7=,

El B

AFEDO—EIE, X4 F v TERRESH ORI EZ T D
ThHb. ZZRXRELTHEERTS.
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LiGuangcan' Hi

H5FL LLM OHEGREE LA LT 284 LT, GraphRAG B 24277 7 ETOBMMRBROEEMNE E -
TW3. BIFEE T, SAONTEMEMN T 28EM Y T4 742272 ) e LTHRELTEONS / — FES
BIN—FL LTREL, 8L —T505604d 1250/ — FEEA, D/ — FEOEF 22X b OB RN
LBV T T 7 RRET BRIE L LT Group Steiner Tree (GST) IZE DL FEMLLHVWLATWS. LL,
GST o HRBEEZ a2 O/ MLICREZX N T WS 20, BTy 7474135/ — FOMAEL WHIAH
MR EREIER LY 727 78 IRE(TS 22 TERY. ZZTARMKETIE, SOV —TRRT S/ — FOBAE

PHALEY 2 SEBCENL-EZ2 HHBEZICHA AL Z 2T, AlEZERT 3. X512, B47: D TIEET
RIS R 72 2720, HATRHE » @O FHliE I HE D BB R ERZEA L, SO EsHERT 5. &£
BRTlE, 32007 —&ty M EEBOFREICBITZEBRICBNT, MEFELDIEVHEEZER L

*—0—F HEZ 77, RAERE
1 F B

W, Hik2 7 7 RIERAL, 777 LoBGRED L IcERE
M - A L TORBERSPEMICE O CRIEERE IR T %
HERENR X X 7 FERENTVS. [1,2]. 20 X5 2HGH
77 7IERHOPRAE, HFT T 7k OB (3,4 %
HERE [5] Wz, B - N4 A TFOBRBIEE 6], 43—+t
F 2V 74 IXBT B ERSN - HRSE (7], BEHBHEBO]E
QA [8], HEHDIIETE— BT [9] 72 EHk & R TIS
HXhitwna.

L L, HEENHL 27 THOWSRHES Z 73—
KB TH Y, A7) BT 21877 7 2iciidE
T, JTVIGHG T 2IRMY 777 7% D & 5IGER
T 200, MERMEE L STEMROMED 5> EERRFEL 25T
W3 [3,10,11].

FHHO I T VI2IE, R KRDZT YT 47 4 RETEEANC
Mz T, T¥7 47 4 BITRD 2 EHRPEMERTENLOF
7L, ROy T 474 - BRI ERARCEDZ 2%
W [12]. 207, &7 ) BERIIMGT &M/ — FD s T
VEFEANOHEEELZRL DD, BRILOHD JIELHIED
RO ICKRBEREWET IHENDHZ [11,13]. ZOL57%
L — KA 7 EERBMCIS /20, IRWY 727 Z 7HHIEs 5
7 FoiEtiE Yy LTENbEX B [14-16).

77 7 7t o EWZESNb e LT, BRIZHKT
PZEMIYT 474 Z2INMIBT 286/ — FEGEIL—T
ELTERL, IRNTOIN—TE2HEL OO R Mok
INe T 5y 75 7 %KD % Group Steiner Tree (GST) 23
HMohTnd [13,16). GST X7 TV 2 KT 2 BEELITH
VS ERRTE 24T, BB ERaX FO&R

IMEIZRREX N Z 729, 1B/ — ROBEBZY T 1 7 4 ADiH

BEZHNBEECEERDADLRWE WS HERDH L. F7,

J—FIEHE DEEEEZRTEAZ prize £ LTH R, %

AXbPED ML= AT RERET SRR ERLE L

T Prize-Collecting Steiner Tree (PCST) [17,18] 21541 T

W3, L2 L, PCST TRV — FHEETIRNICEA TR

72, JZVIBIZERENREBELTLESHENDH S, HIT,

J— FOEALERIR O Z BT 28 g

771 ¥ LT Node-Weighted Group Steiner Tree (NW-GST)

PHISBNTWS [19]. LaL, NW-GST Tli/ — K EAE R

FEIET LS 2 Z e B TERWED, A—7V—TFHNT

J = FZEMTERZ LI X2 ABIERFEAD / — FITIRE

BIHIC—ELRD, HHRRERDETH ST 2 RILERME

B (BLGER L2 ElR e B L 2Bl Eaml THEoh 51

EA/NE LR 2 HE) [20) #RBTERVE WS HEND 5.

Z ZTAMETIE, 2D &5 RGEREEZHRAEY 2

Z B8 L CHNBEBICHAAL Z v T, A2 ERT 3.

BERNZE, &7 =TT L TRICEENS / — FOEEE

Z, HilHEY 2 FBITHRIL, IhzEiiax b e RN

Rt s 22T, IV-THEEZN-LDD, &I/L—TA

TEBEGE / — F2EE L GERT 2R 775 7Hili 2=

B2, 7, KRBEEZEMLRRYS D THEICHC Z 2 idE

HEOBRD» SHENTIZ R WD, RifFE T HRREER I

BIU 78R O T 5D < BFER R RPRR 2 AL,

BRI AR D IABIED & BRI E IR 2 R D 2 FEZRET 5.

ARROEMELTICE LD B,

o HFENIZ 2 7128 ARy 77T Tt L, 7
N—THEE - TS EZHRAEY 2 S THE
HLfEZ, RIRICH S RadifkiEz e ML L 7.

o M- D BRROFHEENEEE X L, HEROFHEEEE
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W7 BRE 2 BRI X D, SR E R T 2
TNAITY X LBRRELT-.

o BEBT Xty  BEERECBWTERELITY, KEL
FATHRERI DL & W 5 Bl SIRBE TR ORI 2 Bk
L7.

2 BEMRE

ARIFFEHR S RS 775 7 fiig, BEEORE W — PO

HEIR ez o OMENERia A b ZFARHCEREL T % Steiner
Tree ROMEERBLHBEOIRE LTHEBEMNITIONS. Z
DEA TOMEE, Fir 7 7R, ¥F—7—FEEK, QAR
ETIRSCAVSERTWS. RENRENLE LT, 71—
¥ %> Group Steiner Tree (GST) , / — FNEEE L
TyYaXbDbL—FAF7%H{>S Prize-Collecting Steiner
Tree (PCST), B&LU/ — REARZET % Node-Weighted
Group Steiner Tree (NW-GST) 2315 TW53. LURTIE,
IhHDENMEEBEL, iR 2R3,
Group Steiner Tree (GST) : GST ¥, 757 LT n—
T L THEZON BB DRMEE 2 ZAZADIRCED 1 A
FTOBA, Ty VEHLOMPRNEZZKRERDZHETDH 5.
JIVMEKRTIE, JTVEICIHELL, - FEEE L —
T AL, TNLEEIRNAR P OREIRTERLA I
FICAHVWS T E T (10,14, 21].

HEk oo 7BROTH TS, 7V ICBET 2T 474
ERESRIY 775 7%, GST % topk-GST 253K 3 Fik
BHOLATWS [10,22]. %7, QA TlX, BHEOXE»S
HH U 7ZB%RE ) —F - =o D UTHR L 7 BN 250385 2
776, GST ZHWTZ T VITHIG L 7B ORI 2 i
L, BIBERT 2 RTL0MBRIhTW3 [13,23].
Prize-Collecting Steiner Tree (PCST) : PCST i, &
J—RIZZ TV IHT 2 EEEICIGE U7z prize, FT v Jica
AMREZoN &I, FENL /- FOEGEOME Ty
VARMD ML= FAIDBERFECEND KD BRARERD B RE
T®H5. Graph RAG T, K Z 755 LLM ¥ AR]
B A RETHEREZEMH LoD, BEAEOEN — FEk3
NLELEAH, POWERNCEL oY 777 72T 3
BT PCST ERMLZHA L0 o5N TV [11].
7z, PCST 1%, RAG Ao+ 7277 7ty AT
5. BIzE, MEESRT AT, XIRBEEE 2R LTS
Z, B A XTRREEDY 775 7 %2155 7:9HI1C PCST &
LT FEPREINT WS [24]. F/z, wILFE—LKILH
W77 QA TS, BEME e EN—HERHRT 2 TS5
iy LT PCST 28w anTWwW3 [25].
Node-Weighted Group Steiner Tree (NW-GST) :
NW-GST &, GST O &5 k7N — Sl 2z Reo00
Ty VEARMAT/ —FEASIRA M LTHDIAAL, /—
FexyPDax b OMABRINE 22 RERDZHETH 2.
ZOXIBFRERF, /—FZDOBDIKIARMPREEINS KD
BAECHATH S [26].

DEIM2026

NW-GST O 72V X LDt LTiE, GST 2B 38E

FEBFEEIER L2720 AR EEE X 2MEIH SN
TW53 [19]. NW-GST 1%, VL — 231 DB 25 DEHMR
R, V=Sl V=2, WSS 706 OERMHIC
MWaZ e TE 2 [19].
BEEXNLOFEE: BEOERLTH 2 GST, PCST, NW-
GST 2i%, TNENRD &5 ifENH 5. GST &/ — KD
BWAEZ HHBEEICEATWRWED, /— FOHEEEDEE
L7z kT e L TRERARZEIRT 5 Z e S TER.
PCST 27V —FHBEEHIKE L TEATWRWED, &7
VERICHT R EROMD IFLBRETEI DB, £,
NW-GST &N — 7 Z e iBIR L 72/ — FOEEE % Bl
A TS 2729, BEHRRICBWTHEANREZTH SR
FUBRRME 2 ER LR ERT 2 Z e TERL. ZhHD
R RS 5720, ABTHRERMERET 3.

3 FE Al A HE

W77 7% G=(V,E) t&RF. TIT, Mk 7 7138
M2 7THY, VId/ - EE, EZTyVHEETHS. &
IvYeec EICEIFADHR IR c(e) € Rxo ZHIDHT,
B 72757 T = Vr,Er) DEHIA M2

Cost(T) = Y c(e) (1)
e€Ey

CEFRT D, £z, /—F u,v eV EOREHER d(u,v) £FE
L, /— K v bfE HAOHEZ d(v, H) = mingey d(v, u)
¢ #E<. d(v, H) & multi-source dijkstra #HWTRD % [27].

a) BMlzy74 74T 2/—FIL—7

B g i, m HOEMZY T4 T4 oMl hs T 5.
FHEBY 7474 ¢ (1 <4< m) LT, HEEEEK
sim(-,-) IZHEDE, MWET2MEM/ — VEEL/ — NI —T
G; LT

G; = TopK(V, v — sim(q;,v), k)

LEFTD. ZOrE BEIYT 474 ¢ 2/ —FK v O
THHE XN ZBHEE sim(q,v) &, qi] KETZ2/ —F v D
prize LN, —fANCY 77 ) & ) — FOHDAABHLE
X BM25 DX a7%E»bEHIN5.

b) I —THERMN

BRZMRT 22 TORARMTY 7 1 7 1 BHE L ARLY 7
757 T B#RT 57012, LIFNTERIND 7L — THHE
B LTEAT 3.

VTﬂGi?éQ) (ViE{l,‘..,m}) (2)

ZOEMBEITN—=ToPled 1 /—F2ELZ LITH
L, BHEZHERT 2 ETOEMIY 7 14 7 4 1TSS 2RI
DREZMZZ2EHNTHAEINS.

ZDESIT, ANt Rka3HFI57 G = (V,E), Jr—7
Gi, IN—TWEBZNEERT . £z, JV—7 G iond
%5/—FveV D prize & p;i(v) £ 5 5.
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4 REFE

AWFSETIE, 7 — THERINEZ LoD, &7 1—TN
THEEDORW/ — REEE L GEIRL, 20/ — RO
a R+ ERFICEERT 2R 7275 7 mHiEE e b3 5.
HL, Zhs%2RFCRELT 288 RELEEEEEER
WHREETH D, BEMRIIKIE S S 7 CIRBHENTRY. 2
ORI T, EANRFEREANTERERRESSE L
ZHWE LT, FHEMReBBEOMIZMNS. BRI
HlF A EHAEERELTIAS Vo h 3 AFIBEREH VTS
N—THBHNER -7 E EEBRNET 27 0 —F 2R
L, RFHEZRIZET 2 VIR O E & ORI o
Figtic O WTEMAIL ST 3. (1) prize AL, 2ofbd 77—
AEVELRR ) — REEZ N —TFZIGRIRL, ARy
3. (2) RFHRRTE, /— FOHEHAE L REORIRESG LD
FREEDM T & L 7o A E BRI A D W TR & BILIE
Pl 2. (3) MROFHIITB VT, BZER Steiner A 2
FOREIZE IR N TH B0, BERLLEHED S X D B
RAHEAN L BBATT 2 2 BRFE OFHEHER R VW 5.

LU, 4.1 §icRILY 725 iR ER L, 4.2
T, EHRIGEUREZG 27D DRARE T VI Y XL Z2RR 5.

4.1 REMEoEXL

AHiITIE, AN LTEXoN2H# 77, ATy T 4
FARCHETE ) — R —F, BXU /) — FEGEICED %,
AWFE TS RIY 775 7 mHEEZ 2T 5.
AFEDOERNZ, () R (2) TEBSIEZ N — FTHERIK
Zli7- LoD, (i) F7NM—F e L TRVEEEEZ D/ —
FRERINCE A, (i) #Ha 2 PR E 2 52 VIRILY 7
2757 T=Vr,Br) 2l ilid 22 TH 5.

F3, prize ICBIT 250 (i) L R MIcBES 244 (iii)
ERET2HNEBEUTO XS ICERT 5.

FH 1 (R, WY 7257 T = (Vr, Br) (L, B
MBS F(T) 2RO X 5 1CEHT 5.

m

F(T) = Cost(T) = A Y _ 8i(T) (3)
=1
BL, A>0R@Z&EIV—7 G T 2FH5E S,(T) O
CEMAX PO ML= AT RGIHT 2R THE. KN —
i/ —Fove G XXHLT, 72V ¢ EOBEEE
(prize) %
pi(v) = sim(qi, v) (4)

CEFRT D, O, AMRTIIHEFALED 2788 f 2EA
L, S(T) ZARCTERT S :

Si(T) = f({ Zvevrna,pi(v)}) - ()

R (5) &, A= A—TNTEE — FZ2EINLL 20%
EpRELERT 2 &5, HESEY 2 FHcE SV TR £
W 2Rk D 5. BRI, FEOES ACB v HE

DEIM2026

Fard¢dBIIHLT
Sj(Au{a}) = 5;(A) =2 S;(BU{z}) —S;(B)  (6)

B DD/, BEZZ L D/ — FARIZR TV I BN
J— FOWMINEL %5, ZoWEICED, FAER ) — FH
TITIRAT 2 2 e 2 LoD, &7 — T DIEH % BRSHNC
D ZEDARETH 5.

Rz, Z—THESEME () 2Tz ekl LT, &
Lo BB O F#ELMEEZ RO & 5 wEXbT 2

& 2 (V777 7t okdt). G = (V,E) 52 shizr
755, AW TE, G O#EEY 7257 T = (Vr, Er)
WL, ROFECRIEEE 2 5.

T* = argmin F(T) (7)
TCG

st. VrnNG; #0, ViE{l,...,m}, (8)

T is connected.

4.2 RBETZILIUVIL

AEITIX, EF 2 TRLEY 7275 7o RELRE IR
L, EHIGEIREE 27D ORFHER 7 L3V XL EH/RS.
A7 XNE, BREBICHLTZD /) — RRENIETE
Hp 2 BEL U THRRIGM Z E § 2 FEIEIC D < WA,
Z BRI EO { RATERER, B XU HEEREIRC X 5 AT
b, BonR—3IFVEBITXZT T 75 7 OFEED S
ahd. BT, &7V —7 G »oERINE X —3IF L
J—=ROEEE Vr={r,...,tm} (r € G;)) ERDLT.
4.2.1 FIHARDER

A7) X LIEIRREAT D 720, WIHROER D A
HICRON B ROMEICKREHET S, ZORDERE 1 TR
L7=-HRBEEIHESWT, £ —F T 8IZ prize D3E L, »
O — 7t OEEREAT VAR R ) — REIAR L L TEIR
TRIEHNEETHD. LR/ — FEERTZHEZEL LT,
IN—TG; IZBIFE/—FvDRay

Bj(v) = 5;(v)/Pmax + BA;(v) (9)

ZEAL, §7V—7 G; T r; = argmaxeeg; Bj(v)
kB —F r; BUHRE UTGERT 2 Z 2T, YR
Ve < UL {r;} 215 %. HL, AUOHE—HTHEAENT
w3

Prax = max max f;({v})
j veEG;

THDH, prize ZIEFLT2=DICHWS. £/, FHOD
Aj(v) 1FMZ NV — T ADEX BT 24EETH D, U TFD X
IICERINS.

Ay = — Zexp(—fo”))

L#]

(10)

o W {De(v) v e ; Gy, £ =1.m} OFRIEZTVS. I5
B E WS Z 2T, MUHICKER Do(v) OEEE/NEL
LoD, /—F v oo n—7 | ADEXZELT 5.
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4.2.2 ZBPRERHEiCE D  RATHRER

ZZTIE, BEDOX—IFVES Ve L, MU0 3 fEfH
DIRERIEE RIET 5.

e« ADD(®) : Vr « Vr U {b},

¢ REMOVE(a) : Vpr + Vr\ {a},

« EXCHANGE(q,b) : ADD(b) ®#IZ REMOVE(a)
a) RFBREFHOK D IAA

HREZ iz, BNEBOMEENRET 2 REEOBVWEER
J— FEREREMES B 35, 205 AL
THAERSW —F v X, HEDX—IFLES Vr I
7B EDRDR AT DWEHIHREL, 22D Vi NOERED/NE
WHAREELWI h 5, PIA Ra7%RKD & 512&:HT 5.

ASj (11, VT)

Jj(v,VT) =« Pmax

+ B exp(—d(v, Vr)/or), (11)

ASj(v, Vr) = 8;(Vr U{v}) - Si(Vr).

BL, S;j(Vr)=Ve\(VrNG;) THH, or K& d(-,Vr) D
PoEz WS, K (11) OEHOB 1/ —F v & Vp i
MR THEDRDR a7 DAY THD, H2HIE/ —F o
DVr CHFTZEXERLEZDDTHB720, N (11) OfEIX
J=Fo D VrictF3ELEERT. ZL T, PIA Ra7
BEIN—FTEN t LMD /) — FOREEBRRIEMES B
95,

b) MREFHEZ N7 4 LX) >

X (1) TREINZ DT I 708 R M R MEICHET
B, YaRAF—ROFEDPBDEYL 25720, RERERHSE
& B MG Abhi &g, BExohd R ES T LT
(1) SET2LEaRITHDE. ZITETLVITY RLTI,
it 7 RIEFHAH I & o THE D FIAADB R VIRIEDO A E KT
J—FwveG; & Ve MAZEE ADD(b) 122V TIE, K
ax DS %E

AC.aaa(b) = d(b, Vi)

TERIL, FE5EHMNE b 280270 — F7ORANEEEL
EhbET

AP.aa(b) = S; (Ve U {b}) — S;(Vir)
Y53, 2LT

ﬁadd(b) = @add(b) - ﬁadd(b) (12)

D/INEVERH b DRI
REMOVE(a) iIZ2W T, HEDX—IFALES Vr &
Vi \ {a} ®HBEEEE XD F(Vr) THL RRES 5.

m

ﬁwwzéwwaZ&wméwﬂ:@nE:m@

(13)
ZUT F 0 F(V)) — F(Vr) 2BIED & — I FVES Vr
6/ —FKa ZWMORVIZ E0Ra7DBPIRE ARL, Z
DEDPK EVER o 2PHFT. EXCHANGE 122V TH A
Bz, BEOXR—IFAES Ve & (Vr\ {a})U{b} KFT 3

DEIM2026

X (13) EDZHEL, ZOMEIKEZWESR (b, a) 2 DEIR
3. EXCHANGE & ADD ¥ REMOVE O#la&dbte LT
£ITE %5, ADD, REMOVE ZBNAT - 7=5ATIiEH
FIREED N E L 72 WA T3, EXCHANGE ¥ L CHFFZ
FITTEHNERDORET D82 -0EAT 3
c) T 2P

REFHI TR - 72 DRI LTodk, R (1) oz E
BRUICETEL, F 2ROEET2H8MEL 1 oZ0ZHELT Ve %2
HHT 5. AROREZRRARERE R £T, 250N E
PELNRLRDLZETHEDDIRT

4.2.3 BH 9 # 1t

4.2.2 HiORFEHREZ, HHBEBOEIWET 2550 A6
EEHL, MOWERZIFALRV. 2070, HERAEHIEE
D RFTRICHA 2 ATREED B K 2o TV B, ZOMEEEMT 2
729, RFRRBRICHIHAROFERZ TV, 2 oWlifg %t
IR E S 5 —EfT5 2 & THREAEY KIBICEEST 3. B
EDR—IFNVEEE Vr LT, EN—F jIIHL 1/ —
FeF#RT 2227 %

L) = a2 WD 4 g4y garmwive)  (14)

Pmax
LE£TS. Aj(v) 1 (10) EERRICMI N —TADE SRR
FHTHY, AL™(v;Vr) BRED X — I FARANDI I & F
FTHTHD,

AV = g 3 ecdteion) (19

S5 (V4
150Vl &=,

Thb. ZHUTED, EIN—TT [;(v) RRKOBEMZENE
LTH LW Ve 21ED, 4.2.2 HiORFEREHETL, Rl
BR—IFNEES Vy 2RRTS.

4.2.4 i W2
MEDXSCLT, ok —IFLES V) 22 -3 F
N LT, BEHED Steiner tree 3T 713V X 4 [28] ZEAT
T5ITRENRY 777 7215 5.

5 X BR

REFEOEMEERT D, DIFITRT 3 20MWERE

L CRTHiMfiFEBR % S2ht L 7=

EE 1. BEREFRZ, BEORLY 7277 ol R T, 7
N— FHB T Lo DoEWEE ORI E BHRT & 250 7?

RER 2: IRV L0V XLDOBRERIEEh LN, BEICrD
BEFLETE0?

EER 3: N =T X =KL, BROMBERNICE D & S gy
5z %m7

51 REBRRE

F—A2tw k: KR TIE, Cora, CiteSeer, PubMed ® 3
DAY V=0T =&ty PEAWVS [29]. WINRLBERX
/7 —F, 5lHBEREL LTRELLEE—7 57005k,
%/ — FIZiZ Bag-of-Words IZHOKRFHMEY ¥y 7 5L
MEEENTVSE., Zhen )/ — P, v I8, BT
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F—=Xtv b+ J—F¥ Ty FHHEHK

Cora 2,708 5,429 1,433
CiteSeer 3,327 4,732 3,703
PubMed 19,717 44,338 500

xR 1: 7—&tv Mt

R1IDXSITR->TWS [30].

TIN—TBE: m 27V —T, k3G IN—TPEL ) —
K32, JNV—T5ETEZDI, 7797 ETITURA
) —FEmEERL, zhoEy—F/)—F35%. Zhbd
Y— R/ —FeOEMEN LN &k INTH 2/ — REZhZER
DY—F/)—=FELEIN-TLT 5.

prize BE: F7V—7 G, KRLTIA—=THAD /) — KD
Y= R — R QBEPEEICES ERME ri(v) € {1,...,]G,]}
TRT. ZOrE, JV—7 G, B3/ —F v O

prize %
5 (v) = IGj| = ri(v) (v eEGj), (16)
0 (v ¢ Gj)
LERT L. EFTE, ZOERE prize 12X (1) HTORT —
MR >0 2R

(17)

PR prize £ LTHWS. 22T, M IEHMBEEICE Y

% prize IZ X 2 A5 & 2 X b N R BEEE ZHIET 2

NRIRX=RTH3. N\ ®KELT DL, & prize / — %2153

2B L TEZDOER D ZFFE T AHEHAIEE D, HT A

EINSLK T D, 77 7RERES LT prize DZEZ XIS

WAL 2MADRE S, LedioT, N OREFME N 54R

Wy 775 70WHEICKRESEET 3.

WEBFE: REFEOANMEMEET 2720, U TFORERNL

FEe KT 5.

e Max-Prize : &7V —7 G; 5 prize BEHKD/ — K%
1 O3 0ERL, #1H6% X —3IF 1k LT Mehlhorn @
Steiner ALz & b #E#5e 3 5 [28].

e PCST (pcst_fast) : PCST DiIMSELETH % pest_fast
ZHW3 [31]. %72 L, PCST ZEH#EE TN — TH#
BRI 2Rl nied, BTN -T2 WETEL X51TX
I—/—FZBIMT LB EML, LifRkD PCST %2 #
e TIrN—=THINEERT 3.

e NW-GST (exENSteiner) : Node-weighted GST DEEF 7
NAY XLTH% exENSteiner WS [19]. 71—
TERHEY 2 FMBTENSINEEER, ¥ 7757
DRA7 e LTINET % & WS REREICE T 2 BB
ERBT S0, XI—/—FRBNT L% 75 712
L7z LT, BRI, 38710 —7 G, THIK
T prize EAD/ — F%& 1 DIEL, ZOHITTTITE
ATHRE S WEML L 2Dy

f(Siu{v}) = £(Si)

DEIM2026

B L 75 2 B EINCEA 3 ETRAZ LT, 53
J— FEBER UL ORI A(v) % BBSENCEIT 2.
D OREHIE, <0 3 HOEECHT 3%

Ai(v) = f(S; U{o}) — £(S))

WEDEBTE. 2LT, SFEM o L TEI % o
ZBMLTo 20 aRAMDUTERTS. v DEAZ 0 &
L, FI—EDEAR

w™) =M — A;(v)

LRETHILT, Av) BAECERIE L EAINE
&b, e LCGEREEhT LR35,

e NW-GST (FastAPP) : NW-GST (exENSteiner) & [fJk#
W2, BI—/—FEHWESI 708 % Lz LT, NW-
GST @ FastAPP Z W3 [19].

e NW-GST (ImprovAPP) : NW-GST (exENSteiner) &
FfRIC, XI—/—FEAWLS I 70EHE Lz LT,
NW-GST @ ImprovAPP % H\ 3% [19].

FHEFEIR: FHETERE & L C BB OMES X FIIERL, B

ZRHVS. REEMEER/MUMETSH 2720, HIEBUED/)

TWEERWRETHD. £z, D571V XLDIENE LT

Z, ZOFERBECEVTRD HREBOES RWEZHRRL

T2 na Y XLDNENE 1 2L, 2RO 7 ) X LD)E

FZREIETO 2. 7B, BHNEBOMELFRL TH 7551

FICIERLZ D 5. BEERIE, BRI OREIC B W TIEA 1 T

botEHlaLT 5.

NAIN—=INT A=A FEERTIE, V-V A Xk %30, 7

N—TE m % {4,8,12,16} , X (1) FTORT — R TH

% A% {0.5,1.0,2.0,4.0} &L XE, BEBRREZLITY—

Fa2 8BHICEXTEREZITo/4. HFAAHEI 257K LT

X, RENR log B, max BEEL, sqrt BEEL, topk BE%EH

WTEBR L [32,33]). REFECBII 2 RAERORARE

[\ RIZ 20 & L7

EREE: 2 ToEBIE, Ubuntu 20.04.6 LTS Lo H—n

(HPE ProLiant DL385 Genl0 Plus) Tf{To7z. I#R7 13

Y X 5 DEBEIZOWTIE Python TITW, NW-GST DR

& C++ TiTo/, EEF 477V LT NumPy, SciPy,

NetworkX, scikit-learn, pcst_ fast & FW7z.

5.2 £ B& 1

EF1 T, RBEFEY, BFEORNY 7275 78 &
T, ZN—THEEH LOoOoEWEGEORILEENTE 3
DEMWRT 220, RIAXA—F%E A=10, m=8, f=Ilog
WEDE L CEBL, BMEFELBEFEOREZITo 7. R
MREFE 210”7, Zh2hofEld 8 FOFEBROFERE T L
725D TH5B. A= 1.01%, ARWFELFBRIC prize £ 2 X M
FORE{bE S 3 Z e TRIWY 775 7 2t 3 2 BiE s

1: BT LERD 95%0° 17 59 ¥ FUNTKRT L7z R =20 b &%
EL.

- 5G-03 -



5G-03

DEIM2026
Cora Citeseer Pubmed
Fik HIBEEME + M RE  SEIES BROBEEUE + EEFE  FIEIEN ErREEE £ SHERE  SEEIEAL
Max-Prize 0.67 + 4.48 6.00 9.11 + 4.07 6.00 4.62 + 4.13 5.25
pest_fast -6.09 + 1.77 4.12 -5.54 + 1.44 3.25 -3.43 +£1.98 2.38
exENSteiner -9.49 + 2.92 2.69 -5.33 + 3.36 3.81 -0.61 + 2.65 3.81
FastAPP -5.46 + 3.05 4.25 -2.36 £ 4.70 4.00 5.74 + 5.36 5.25
ImprovAPP -9.45 + 2.30 2.81 -6.60 £ 3.14 2.69 -1.27 + 2.57 3.06
REFIL -13.62 + 2.22 1.12 -8.91 + 1.89 1.25 -6.37 + 1.98 1.25
R 2: BELZARTX—RIIBIBFED o HIBEEIME L R, B X O FIER
Fik Cora  Citeseer Pubmed FiE SESNEANL R
Max-Prize 4.02 4.09 4.04 PRFIE w/o L 2.16  52.9%
pest_fast 5.53 5.31 5.22 REFIE w/o PIA 1.67  69.9%
exENSteiner  3.01 3.11 2.72 RETIE w/o HHILIL 1.66  72.1%
FastAPP 417 413 479 RERFIA 1.59 74.8%
ImprovAPP  2.71 2.71 2.64 R 4: Pubmed I2B1F % ablation EBOFER. RIEEDENDD
REFIE 1.56 1.64 1.59 FRFIZLTWS.
£ 3 F—Xty FHOEHIEN. RIEVEEDOLDEKRFIILT
w3,

WEZTHRELR [11). m=81F, RFFETOHIEFEL LT
FAWTWw2 NW-GST OBEFIR TOREBRER B £ 2 TRE
L7z [19]. f=logid, AWML, HEY 2 FBKEH
WTHTHEZRAT 2BEMATE R TRELRL [32). £
T—Xty FOMROEIIN T 2EEEHRT 220, T—X
ty P e TOGFEFELERFHEOHEKRITo 2. ZOHMR
£ 3IRT. ZhZPROMEIE 512 M OEBROEEREFH L
72bDTHS. K220, BEFEIHBFEIIN L TEL
FE, BXOZEMEZBILLTWSZebh s, Jiuk, 17
RPEDPPGFETELRERD, 20— 2D prize ZENT 2
FEI 2 TBBEERL THEZHERTETVEINLELEEZS
N3. £, RIPOLTRTOT—Xty MTBWTHREFE
DLHEFEL D bEOHEERERLTED, 7—%tvy bl
bod, BERERTE b3, ZHZ, REFED
PIA 22 712BWT prize L AR M RIEFILL TV 79,
T—Xty b LTHWEZ I 7084 JITHEINRVD S
FrEZLND.

5.3 £ B 2

B2 TIHIBR 7 LT ) X LADERERMN T TN, BEIC
COREFST20EMRT 520, BETEOMMEZRZH
DERWBE DR EITo 7. BIRINCIE, WIHIMOERICE
WTHHICA N — 7 Z 21T prize BERARD /) — FEEASL D
D, PIA Za7%{fb 3 prize IETHEREMES B 2:8AL
b0, HUHHLEZERIT LR o200 3EELIEETERY
s 5. ERERER 410RF. 2 hoEE 128 FOE
BROMREELL7-DdDTH 5.

# 4 P HIREFEOMRER NN RO SRR _LIC Bk
LTWAZe2bhb. K, HIREREZTRT 222 TH
EXRELMELTED, RAERICBT 2 9IRS R O EE
HEHERTE 3.

5.4 £ B 3

EER 3 T, NAR—RTXA—XPEOEBIIE D X 5 7%
HEEPEZ 20 RMRT 2720, A7 —NVRE N, IV —T8
m, BEZ 2 7B f TN ZNEEB L CEREITo /2. EB
BRER S5, 6, R TIWORT. THL2hOMHEIX 128 BDHEE
DIEREFE LD DTH 3.

Fik A=05 A=10 A=20 A=40
Max-Prize 4.46 4.09 3.92 3.68
pest__fast 4.51 5.13 5.52 5.73
exENSteiner 2.86 2.85 2.61 2.57
FastAPP 4.94 4.86 4.74 4.63
ImprovAPP 2.80 2.63 2.57 2.57
REFE 1.43 1.46 1.65 1.83
& 5: Pubmed IZBIF 3 27 —MRE X BIOFHIEN. KHEEDOR
WHDERFIILTWVS.
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Fik m=4 m=8 m=12 m=16
Max-Prize 4.11 3.99 4.14 3.91
pest__fast 5.02 5.08 5.40 5.38
exENSteiner 2.63 2.93 2.62 2.71
FastAPP 4.70 4.90 4.70 4.86
ImprovAPP 2.86 2.63 2.48 2.59
RETFE 1.68  1.48 1.67 1.55
R 6: Pubmed B2 7V =T m FHOFEL. ROFEEOF
WHDERFICILTNWS.
Fi& log max  sqrt  topk
Max-Prize 4.96 3.45 4.17 3.57
pcest__fast 3.43 6.00 5.45 6.00
exENSteiner  3.22 1.94 267 3.06
FastAPP 530 4.83 498 4.05
ImprovAPP 278 1.85 262 3.31
RERTE 1.31 293 1.13 1.00
& 7: Pubmed IZBF2HEY 2 7B f HIOPIIELL. ROFHED
BB DZKRFITL TV,

5 REWFEFNETNRT —NVEE, INV—THEZELE
HBEOMFEFERLIERFROFHIEMNERT. ThoRI S,
REFENR T — VR, I —THcEbLsT B LTEHN
BEZREL TV D05, RTEELEY 2 5HHBEE
BB EOEBRERERT. topk BITIZ k=3 2 L7
£ 7T f LT mar BEERAWZGEICEHFFRICEANT
BEMENZ EDHETE L. UL, max BIEHIR FOER
SIROMIRICKEVEBTHD, —2oD N —FITH L THEEK
D/ — RRBOY T 7T 712MA 2 Z e ENEBELELX
250, BE7 VDY XLTIEZED & S el R FEREIHR
WHET 22 e L V62 eEX 6N 5. [FU < BRFGER
SRR BT D % log BIR #7288, sqrt
X topk WCHNRTHENMEL Lo TW3.

2

6 &

AW TIE, IV —THEERM- LoD, &7 L—THNTEH
HEEED / — FREEL GERT 2RIy 727 5 78
ERML, BLUZOMECHT 2EMELIREL, ZORE
EMELL7-. REMER, $EV25HBEEATSL LT,
IN—T7 2 OIEROMRE L EEICH, BRFLERMRE
HRBEE e LTRTE LU £z, BRIV X00E, AER
VIR DR, PIA 22 712 & B FERZEE DB D AR, FEH
LI &> TEWEETORINY 7277 7HREFE L 72

SHBOEEY LT, AL O RATRROBRLLHA
WKEBF Y777 7ROSEICE DA, &b EBIcERE
B 7275 TR TE 2 &5, IBRE7 LTV XLDK
EBICIRRICD L TETDH 5.
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Abstract Recommendation systems aim to precisely match users with items. However, newly introduced items
often encounter the item cold-start problem due to insufficient historical interaction data. This data sparsity under-
mines the performance of collaborative filtering methods. Although large language models (LLMs) offer potential
for processing new item content through their semantic reasoning capabilities, they inherently lack integration
of collaborative signals, which constitutes a critical structural limitation. To address this, we propose GLCSRec
(Graph-LLM Cold-Start Recommender). Unlike previous approaches that directly perform vector space alignment,
this model utilizes Light GCN to extract user features from their historical interactions and projects them into soft
prompts through a multilayer perceptron (MLP). The soft prompts consist of continuous and trainable vectors
and are embedded in the input layer of the LLM, thereby guiding the causal attention mechanism of the LLM to
conduct personalized semantic reasoning and preference prediction for the metadata of cold-start items. The model
is trained with the Bayesian personalized ranking (BPR) loss, with optimization applied exclusively to the user em-
beddings and the projector parameters. A comprehensive experimental evaluation demonstrated the effectiveness
of GLCSRec: (1) Compared to the representative baseline models, the Recall@10 increased from 0.0534 to 0.0765.
(2) The ablation experiments confirmed the necessity of the collaborative signal, as replacing the GNN embeddings
with semantic features led to a decrease in Recall@10 from 0.0805 to 0.0545. (3) The sensitivity and robustness
analysis verified the model’s stability, maintaining MRR@10 stable at 0.3484 even as data sparsity increased.

Key words Recommender Systems, Item Cold-Start, Graph Neural Networks (GNN), Large Language Models
(LLM), Soft Prompt

. Large language models (LLMs) [6] possess semantic rea-
1 Introduction
soning capabilities and have the potential to provide seman-

Recommender systems play a vital role in modern web
services, acting as the primary engine for information filter-
[2], such as Light-

GCN [3], are academic benchmarks models due to their ex-

ing [1]. Collaborative filtering models

ceptional ability to capture high-order user-item interaction
structures. However, these models fundamentally rely on the
density of the interaction graph, leading to the item cold-
start problem [4,5]. Specifically, in the item cold-start sce-
nario where new items in the test set have never appeared in
the training set, traditional models fail to recommend due to
they lack historical data. Our experiments show that in this
scenario, Light GCN’s Recall@10 drops to 0.0, highlighting
the need to develop models that understand the content of

cold-start items to recommend.

tic reasoning for cold-start items. However, our experiments
reveal that using LLMs alone results in poor performance
(Recall@10 0.0067) due to there is a lack of collaborative sig-
nals from the user history; although LLMs can understand
the cold-start items, they are unable to identify which users
will interact with them [6].

How to effectively integrate the highly structured user-item
relationships captured by graph neural networks (GNNs) [7]
into the semantic reasoning capabilities of LLMs is a chal-
lenge. To bridge this gap, we propose the GLCSRec frame-
work, which integrates the collaborative signals of GNNs
and the semantic reasoning capabilities of LLMs. Instead

of using a direct alignment method, we project the user fea-
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tures extracted by Light GCN from the user interaction his-

tory through a multilayer perceptron (MLP) into the soft

prompts [8]. The resulting collaborative signals are trans-

formed into continuous vectors, used as soft prompts [9].

These prompts can effectively guide the LLM to enable the

causal attention mechanism to perform personalized seman-

tic reasoning and preference prediction for the metadata of
cold-start item, thereby compensating for the lack of inter-
action data.

The contributions of this thesis are as follows:

1. Our proposed method effectively integrates the struc-
tured signals of GNNs into the semantic reasoning ca-
pabilities of LLMs, rather than only relying on the
content’s metadata. Compared with the representative
baselines, it has increased the Recall@10 from 0.0534 to
0.0765.

2. The ablation experiment results show that after remov-
ing the GNN signal and only relying on the textual de-
scription, the Recall@10 drops by 32.3%. Therefore, we
have confirmed that GNN can effectively capture the col-
laborative signals that LLM cannot derive, proving the
irreplaceability of structural signals.

3. We verified the GLCSRec that even when the training
interaction data is reduced by 46.7% (the cold-start ra-
tio increases from 0.1 to 0.5), the MRR@10 still remains
stable at 0.3484. This indicates that our architecture
effectively integrates the GNN signal through the soft
prompt to the LLM, and can maintain precise semantic

reasoning and ranking even in sparse scenarios.
2 Related Work

This chapter reviews related work, addressing the cold-
start problem, by classifying them into 1) content-based and
hybrid models, 2) graph neural networks-based, and 3) large
language models-based. By analyzing the limitations of re-
lated work, we identify the research gaps that motivate our
proposed framework.

2.1 Content-based and Hybrid Models

Content-based filtering [10] addresses item cold-start by
substituting interaction data with metadata. SBERT [11]
encodes textual descriptions to calculate similarity with user
preference [12]. While Ding et al. [13] utilized semantic re-
trieval, they focus on explicit relevance, overlooking high-
order collaborative signals.

Hybrid models like DeepFM [14] rely on trained ID em-
beddings, failing for cold-start items lacking vectors. Other
models [1,15] struggle to balance metadata and collaborative
signals [5], potentially separating reasoning from ranking [6].

Alignment approaches learn from ID-based space to se-

mantics [15]: MeLU [16] uses few-shot learning but requires

DEIM2026

initial signals; CLCRec [17] utilizes contrastive objectives but
may lose information during vector mapping.

2.2 Graph Reconstruction for Cold-Start Recom-

mendation

Graph neural networks (GNNs) model user-item interac-
tions as bipartite graphs [7, 18], utilizing topological struc-
ture to capture high-order connectivity. Representative mod-
els like NGCF [18] and LightGCN [3] focus on collabora-
tive smoothing via neighborhood aggregation; however, stan-
dard GNNs remain inherently transductive [19,20], relying
on edges to propagate signals and failing to generate repre-
sentations for isolated cold-start nodes. To overcome this,
CGRC [21] explores graph reconstruction by constructing
edges from content features to alleviate isolation. This ap-
proach remains limited as surface-level similarity introduces
structural noise [22], weakening user representation robust-
ness. Furthermore, treating text as construction features
rather than semantic guidance [21] lacks deep reasoning, fail-
ing to understand subtle preferences and text descriptions.

2.3 LLMs for Cold-start Recommendation

LLMs enable generative semantic reasoning [6,23], inter-
preting complex intentions and contexts where traditional
models struggle. In Zero-Shot settings, LLMs (e.g., TinyL-
lama [24]) rank preferences but encounter collaborative gaps
[6,25] from unrecognized historical behavior and popular-
ity bias, failing to capture personalized requirements [25].
TALLRec [26] and RecLM [27] utilize lightweight fine-tuning
or instruction tuning to integrate behavioral representations,
yet lengthy natural language prompts increase computa-
tional demands and linear text limits capturing high-order
collaborative relationships. Soft prompt methods [9, 28] ad-
dress costs by freezing backbones and optimizing continuous
virtual tokens. While GraphPrompter [8] encoded structural
information for general graph learning, it remains unadapted
to integrate collaborative signals into cold-start item infer-

ence lacking interaction history.

Table 1: Summary of representative related work

Category Models Overview Research Gaps
Content & DeepFM [14], Metadata encoding; Information loss;
Hybrid CLCRec [17] contrastive difficulty in
alignment. balancing signals.
GNN-based LightGCN [3], Capture high-order Isolation of
CGRC [21] connectivity; cold-start nodes;
reconstructing structural noise.
graph.
LLM-based TALLRec [26], Generative Lack of collaborative
RecLM [27] reasoning; signals; high costs.

instruction tuning.

3 Preliminaries

This chapter explains the theoretical foundations and
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mathematical notations required for our proposed GLCSRec
framework.

3.1 Bayesian Personalized Ranking (BPR)

We adopt a pairwise optimization strategy,i.e., Bayesian
personalized ranking (BPR) [29]. This method learns per-
sonalized rankings based on pairs of items, which assumes
that the user’s preference for observed items is higher than
unobserved items. This optimization is robust for ranking
tasks and helps maintain recommendation stability even in

data-sparse scenarios. The BPR loss (Lgpr) is defined:

Lppr = — Z

(u,it,i=)eD

lno_(yufr _guz*)—’_)‘eneng (1)
3.2 Graph Neural Networks (GNNs)
Light GCN simplifies message passing using normalized ad-
jacency matrix A = D™Y2AD™Y2 ypdating embeddings:
E*tD — AE®.

by transductive nature [20]; for isolated cold-start nodes

However, standard GNNs are limited

i € Icoiq With no interaction history, the propagation rule

becomes ineffective:
e = A, E® =0 (2)

3.3 Parameter-efficient Fine-tuning (PEFT)

To address computational costs, soft prompt methods [9]
freeze backbone architectures and optimize continuous vir-
tual tokens P = {p1,...,m}. Following GraphPrompter
[8], GNNs encode local structures into vectors projected via
MLP:

X; = MLP(GNN(G,,)) € R% (3)

The final LLM input concatenates structural soft prompts

and text embeddings Temb:

Hinput - [X'L; Temb] (4)

GNN: User Embedding

Input: User ID

Project GNN Space to LLM Space

Module: Pre-trained

LightGCN

gnn

Output: ey,
(Collaborative Signal, 64-d)

Projector (MLP)

64-d — 256-d — (32 x 2048)-d

DEIM2026

This allows utilizing structural signals and semantic knowl-

edge without complete parameter fine-tuning.

4 The Proposed Method: GLCSRec

The design of GLCSRec (Graph-LLM Cold-Start Recom-
mender) is motivated by the need to bridge the information
gap between structured collaborative signals and semantic
text knowledge in the item cold-start recommendation task.
We propose a collaborative prompt mechanism and use a
parameter-efficient strategy to fine-tune the complete model.
The overall architecture is shown in Figure 1.

4.1 Preparation of Data

Cold-Start Item Partitioning. Let U = {u1,...,um}
and I = {i1,...,in} denote users and items, where interac-
tions are represented by binary matrix Y € {0,1}**¥. The
item set is partitioned into disjoint subsets: I = IirqinUlcoid,
where Iirqin N Icota = 0. Itrain contains history for structural
learning, while I.0;4 denotes new items lacking history. The
(U, Ieota) — R

predicting preference score §,; for cold-start item j € Icoa,

objective is to learn mapping function f :

relying on metadata T; and user collaborative context.
Preparation of GNN. We implement a masking proto-
col, removing all interactions for j € I..iq4 from the bipartite
graph to eliminate transductive leakage. Since item j has no
neighboring nodes, the messaging mechanism fails to prop-
agate cooperative signals, resulting in decoupled representa-
tion:
K
e; = aoeg.o) + Z ax0 = aoeg.o) (5)
k=1
Item ID embedding e; remains as unoptimized random
noise from random initialization. Lacking interaction data,

these embeddings cannot be updated during training, lead-

LLM: Item Embedding

Input: Cold Item Text

Soft Prompt a
> 2 Module: Frozen LLM
(TinyLlama-1.1B)

(Personalized Instruction)

Recommendation Score

Figure 1: The overall architecture of GLCSRec. The process begins with a pre-trained Light GCN (Left) for extracting

high-order user embeddings, followed by a multi-layer projector (Middle) that aligns these signals with the LLM input space.

Finally, the Soft Prompts (Right) act as personalized instructions to guide the frozen LLM for item cold-start recommenda-

tion.

- 5G-04 -



5G-04

ing to failure in capturing user preferences. This forces the
model to turn to semantic space, relying on cold-start item’s
metadata T; (e.g., title and genres) to perform inductive rea-
soning through the alignment interface of the frozen LLM.

4.2 Collaborative Signal Encoder

We adopt Light GCN [3] to extract high-order user prefer-
ence patterns from the historical interaction graph [7], acting
as a low-pass filter to improve embedding quality in sparse
graphs. Following standard settings [3], we set layer depth
K = 3 to capture collaborative filtering while avoiding over-
smoothing, adopting a layer fusion strategy to aggregate in-
formation. The final collaborative user representation e, is
obtained by e, = Zlf:o akegk)7 where egk) denotes the em-

bedding vector at layer k and oy = ﬁ

denotes the mean
pooling fusion weight. This uniform weighting strategy pre-
vents over-smoothing while capturing high-order connectiv-
ity, allowing the final representation to capture local and
global signals.

Two-Stage Training Strategy. To optimize efficiency
and collaborative signal stability, we propose a decoupled
two-stage training strategy. In the first stage, the GNN en-
coder is pre-trained independently on the observed user-item
interaction graph to ensure initial user embeddings e, are
embedded with collaborative signals. We optimize GNN pa-
rameters using Bayesian personalized ranking (BPR) [29] to
optimize pairwise ranking, making the structural foundation
reliable. In the second stage, we import pre-trained user em-
bedding vectors into the semantic alignment interface. To
ensure high-order collaborative signals are not damaged, we
froze the GNN propagation structure and LLM backbone pa-
rameters, optimizing only for the user embedding vector and
alignment parameters. Through the soft prompt mechanism,
gradients are transmitted while maintaining the LLM back-
bone frozen, bridging the modality gap and enabling collab-
orative signals to precisely map to the semantic space, com-
plying with parameter efficiency fine-tuning (PEFT) [6,9].

4.3 Semantic Alignment Interface

We use a multi-layer projection function ¢(-) composed
of MLP to perform cross-modal transformation, bridging
the modality gap between d-dimensional collaborative la-
tent space and the frozen LLM high-dimensional embedding
space. This multi-layer structure allows for non-linear align-
ment, mapping user-collaborative embedding vector e, € R?
to LLM token space REXPLLM a5 defined: d(ey) = Wy -
oc(W1-e,+bi)+ ba.

The transformation employs weight matrices W; € R4 >4,
W. € R(L'DLLM>Xd*", bias vectors b1, b2, and non-linear ac-
tivation function o(-) (ReLU) to map input e, (d = 64)
through latent space (dn = 256) to intermediate features;

these are reshaped into L = 32 continuous virtual tokens to
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align with LLM embedding dimension Dy, a. Collaborative
signals are refined into soft prompts P, € REXPLLM | acting
as personalized instructions that encode interaction history
in semantic latent space [9,30].

4.4 LLM-Integrated Recommendation

GLCSRec utilizes extensive world knowledge in pre-
trained LLMs to conduct inductive inferences on cold-start
items, bridging the collaborative gap. For cold-start item
7 € I.o1d, we retrieve textual metadata and convert it into
token embeddings Ejtem € RTXPrLrm - We adopt a prefix
injection strategy, attaching soft prompt P, before the se-
mantic embedding sequence Ejtc,, to construct the unified
input matrix X;n = [Pu; Eitem] € ]R(I”LT)XDLLM7 where [ ]
denotes concatenation along the sequence length dimension.

Xin conditions the causal attention mechanism, allowing
the transformer backbone to attend back to virtual collab-
orative tokens while encoding item metadata, ensuring se-
mantic reasoning is grounded in interaction history. Utiliz-
ing TinyLlama-1.1B [24] as the frozen backbone, we observe
the hidden state of the final token hj,s: € RPLLM to ex-
tract relevance score @i = w;rcm,ehlast + bscore Via a linear
score header. Trainable parameters Wscore € RPLLM and
bscore € R are optimized using BPR loss [29] to maximize the
margin between positive items and negative samples, miti-
gating computational costs by restricting updates to projec-
tors and scoring heads.

4.5 Optimization Strategy

To reduce computational costs, we adopt parametric ef-
ficient fine-tuning (PEFT), freezing transformer backbone
Orrm and GNN propagation weights while limiting the
trainable parameter set t0 O¢rain = {Eu, O, Wscore, bscore |
where E,, denotes learnable user embedding vectors, ©4 de-
notes soft prompt projector parameters, and Wscore, bscore
denote scoring head parameters. We employ BPR loss [29]
augmented with a regularization term: L = Lppr(Otrain) +
N[®train|*.

When Opa is frozen, gradients backpropagate through
transformer layers to update the projector and user embed-
dings, ensuring end-to-end alignment between collaborative
signals and semantic reasoning space [9]. PEFT enables
memory efficiency by eliminating the necessity of storing gra-
dients for the massive backbone, reducing memory cost from
O(©Lrm) to O(Otrain), where Orqin constitutes ~1.61%
of total parameters. Freezing ©rra enhances training effi-
ciency by eliminating computational overhead for calculating
backbone weight gradients, limiting optimization complexity
t0 O(Otrain), as detailed in Table 2.

5 Experiments

This chapter explains the experimental evaluation frame-
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Table 2: Parameter Configuration and Complexity Analysis
(M denotes Million).

Component ‘ Notation ‘Params (M)‘ Status
LLM Backbone OrLLm 1,100| Frozen
User Embeddings E. 0.39 | Trainable
Projector 04 17.36 | Trainable

Scoring Head 0.002 | Trainable

Wscore; bscore

Metric | Full Fine-Tuning| GLCSRec (Ours)

Trainable Params ~ 1,118 M
Space Complexity |O(Or L + Otrain)

O©rLm + Otrain)

~17.75 M (1.61%)
O(etrain)

Time Complexity O(Otrain)

work to confirm the effectiveness of the GLCSRec model. We

will evaluate the performance of this framework in cold-start

scenarios, where traditional collaborative filtering methods
fail due to the lack of historical interaction data for new
items. We recall the following RQs:

¢ RQ1 (Overall Performance): Does GLCSRec per-
form better than the baseline models in recommendation
accuracy for cold-start items?

¢ RQ2 (Ablation Study): How much does the GNN-
based collaborative signal contribute to the perfor-
mance?

« RQ3 (Robustness & Sensitivity): How robust is the
model to data sparsity, and how do hyperparameters like
soft prompt length affect performance?

5.1 Experimental Settings

We utilize the widely used MovieLens-1M dataset. To en-
sure the quality of the graph structure and reduce interfer-
ence from inactive nodes, we apply a 5-core filtering strategy,
which removes users and items with fewer than 5 interac-

tions. After preprocessing, the final dataset consists of 6,040

users and 3,706 active items, with a total of 1,000,209 inter-

actions, yielding an interaction density of 4.47%.

Cold-Start Protocol. To simulate a realistic cold-start
scenario, we adopt a item-side evaluation protocol:

1. Ttem split: Following the strategy in CGRC [21], we ran-
domly select 70% of the items (2,593 items) to form the
training set (warm items). The remaining 30% (1,113
items) are cold items. We split the interactions of these
cold items into two parts: 15% for validation and 15% for
testing. Because some items have very few interactions,
they might not show up in one of the sets. That is why
the actual item counts are 1,080 for validation and 1,087
for testing. The training set has 683,826 interactions,
with a density of 4.37%.

2. Interaction masking: We masked interactions for all cold

items in the validation and test sets (yu; = 0) during
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training. This ensures that the GNN module cannot
learn any structural ID embeddings for these items, forc-
ing the model to rely on inductive reasoning via the LLM
backbone.

3. Feature extraction: We employed a pre-trained SBERT
model [11] to encode item metadata (i.e., titles and gen-
res) into 384-dimensional vectors, serving the semantic
context for the LLM.

Baselines. To evaluate the effectiveness of GLCSRec, we
prepare reference models and cold-start baseline models, as
described below:

1. Reference Models. We include two reference models
to quantify the structural limitations of GNN and LLM in
cold-start settings, the following models are not specifically
designed to address the cold-start problem:
¢ LightGCN [3]: It is a representative collaborative filter-

ing (CF) model. We set the embedding size to 64, learn-
ing rate to 1 x 1073, and batch size to 4096. Following
the standard configuration in the RecBole framework,
the model is trained for 30 epochs. Since Light GCN re-
lies on learned ID embeddings, it is unable to generalize
to unseen items, validating the failure of traditional CF
under cold-start settings.

e Zero-Shot LLM: It is a content-only baseline utilizing the
frozen TinyLlama-1.1B-Chat model [24]. The model is
evaluated in half-precision (float16) without parameter
updates. User preference is predicted via prompt-based
inference (e.g., answer yes or no), where the probability
of the affirmative response serves as the ranking score.
This baseline represents the capability of pure LLM rea-
soning; however, it lacks collaborative signals from the
user-item interaction graph, resulting in a "collaborative
gap" that limits its personalization.

2. Cold-Start Baselines. These models are specifically
designed to address the item cold-start problem:

e (Cosine Similarity: It is a classic non-parametric content-
based baseline. We employ the SBERT model [11] to
encode item textual descriptions into 384-dimensional
semantic vectors. User profiles are constructed by av-
eraging the embeddings of their historical interactions.
Recommendation scores are computed using cosine sim-
ilarity between user and item representations.

e Hybrid GNN: It is a representative hybrid alignment
baseline, inspired by hybrid recommendation models
that combine collaborative and content signals [15, 31].
Specifically, user embeddings from GNN encoder are
projected into the same semantic space as item text em-
beddings via a two-layer MLP (64 — 128 — 384) with

ReLU activation function. The model is trained for 20
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epochs using a learning rate of 1 x 107 and a cosine em-
bedding loss. This baseline reflects a commonly adopted
alignment paradigm that combines collaborative signals
with content semantics.

¢ CLCRec [17]: It is a competitive cold-start recommenda-
tion method based on contrastive learning. We adopt the
hyperparameters following the configurations suggested
by the original authors, setting the learning rate to 0.001,
regularization weight to 0.1, temperature 7 = 2.0, and
contrastive loss weight A = 0.5. An early stopping strat-
egy based on validation recall is followed to select the
best-performing checkpoint.

Implementation Details. We implemented GLCSRec
using PyTorch 2.4.1 with Python 3.10.
trained on a single NVIDIA Tesla V100 GPU environment
supporting CUDA 12.1. We adopt TinyLlama-1.1B as the
frozen LLM backbone. For the collaborative encoder, the
Light GCN embedding dimension is set to 64. The projector
is a two-layer MLP with a hidden dimension of 256. As for

All model were

the input settings, we set the soft prompt length to L = 32
and the maximum text sequence length to 128 tokens. The
model is trained for 5 epochs using the Adam optimizer [32]
with a learning rate of le — 4 and a batch size of 32.

5.2 Overall Performance (RQ1)

Table 3 summarizes the ranking performance comparison
between GLCSRec and the baselines.

Table 3: Overall ranking performance comparison for cold-
start items only. All models are evaluated using a fixed ran-

dom seed (seed=42) to ensure identical data splitting.

Model ‘ Recall@l0 NDCG@10 Hit@l0 MRRQ10
Light GCN 0.0000 0.0000 0.0000 0.0000
Zero-Shot LLM 0.0067 0.0192 0.1675 0.0433
Cosine Similarity 0.0534 0.1093 0.5445 0.2449
Hybrid GNN 0.0463 0.1035 0.5156 0.2377
CLCRec 0.0200 0.0522 0.3156 0.1309
GLCSRec (proposed) ‘ 0.0805 0.1724 0.7058 0.3484

Performance Analysis. The results reveal several critical

insights: The results reveal the following insights:

¢ LightGCN fails completely (metrics ~ 0), confirming
that pure GNNs cannot handle unseen nodes without
learned ID embeddings, making it incapable of recom-
mending cold-start items.

e Zero-shot LLM performs poorly (Recall 0.0067), worse
than content-based methods. This indicates that the
world knowledge of LLMs is insufficient to capture per-
sonalized cold-start recommendations.

¢ Cosine similarity is a content-based model, outperforms

other models(Recall ~ 0.0534), its direct semantic com-

parison strategy can reduce the risk of underfitting or
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overfitting in the cold-start setting.

e Hybrid GNN and CLCRec rely on interaction struc-
tures to align their latent spaces. In the cold-start set-
ting, the mapping functions learned by these models on
popular items cannot be effectively generalized to iso-
lated nodes(cold-start item). This result shows the diffi-
culty of mapping the semantic space to the collaborative
space.

¢ GLCSRec achieves the best performance across all met-
rics. By integrating GNN-aggregated collaborative sig-
nals as soft prompts, our model successfully bridges the
gap between collaborative signals and semantic reason-
ing for cold-start items.

5.3 Ablation Study (RQ2)

To validate the effectiveness of our core architectural
choice, we analyze the contribution of the GNN-based col-
laborative signal.

Table 4: Ablation study on the collaborative signal. The

variant "collaborative vs. semantic" refers to replacing struc-

tural GNN embeddings with semantic user profiles aggre-

gated from item history.

Variant ‘ Recall@10 NDCG@10 Hit@10 MRR@10
GLCSRec: Full 0.0805 0.1724 0.7058 0.3484
GLCSRec: Semantic-only 0.0545 0.1233 0.5798 0.2695

Impact of Collaborative Signal (collaborative vs.
semantic). In our framework, the projector maps high-
order user embeddings from LightGCN into the LLM'’s
prompt space. To verify the necessity of these structural
signals, we evaluated a variant, collaborative vs. seman-
tic, where the GNN-based embeddings were replaced with
semantic user profiles. These profiles were generated by av-
eraging the embedding vectors of users’ historical items en-
coded by LLM, representing a semantic of user preference
without collaborative signal.

As shown in Table 4, removing the graph collaborative
signal leads to a performance drop. This confirms that the
LLM cannot effectively recommend items relying on histor-
ical semantic context. It requires collaborative signals from
the GNN to capture interaction history that are not present
in item descriptions, achieving more accurate cold-start rec-
ommendations.

5.4 Sensitivity and Robustness Analysis (RQ3)

5.4.1 Hyperparameter Sensitivity: Prompt Length

We explore the impact of the soft prompt length L €
{16, 32,64} on the recommendation performance of GLC-
SRec. The results are shown in Table 5, showing how dif-

ferent lengths of soft prompts affect the evaluation metrics.
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Table 5: Performance sensitivity to Soft Prompt Length L 4th (0.0342) and 5th epoch (0.0360) suggests stable conver-

gence, indicating 5 epochs are sufficient. While L = 16 offers

(Seed 42).
the highest training speed (3.37 it/s), its capacity to capture
Length (L) ‘ Recall@10 NDCG@10 Hit@10 MRR@10 semantic collaborative signals is limited. Although the com-
16 0.0808 0.1674 0.6969 0.3331 putational load of L = 32 increased approximately 2.3 hours
32 0.0805 0.1724 0.7058  0.3484 more than L = 16, it provides stable optimization compared
64 0.0806 0.1760 0.6925 0.3635 to L = 64.

The L = 64 shows unstable fluctuations; loss drops to

. . . . 0.0301 in the 3rd epoch but rose to 0.3156 by the 5th epoch.
Increasing the prompt length L brings a slight im-
) . ] These fluctuations, coupled with lower training speed (1.84
provement to the ranking precision metrics (NDCG@10, ) o ] )
) ) it/s), indicate excessively long soft prompts cause gradient
MRR@10). For instance, NDCG@10 rises from 0.1674 to
o ) noise and complicate alignment between GNN and LLM la-
0.1760, indicating that longer virtual prompt sequences can
tent spaces.
provide LLMs with richer context for detailed item ordering. )
) ) ) 5.4.3 Robustness to Random Sampling
Other evaluation metrics (Recall@10 and Hit@10) perform
. . . . o . To verify that the excellent performance of GLCSRec is not
consistently under different L settings, with a limited vari-
o o an accident of random sampling, we conducted experiments
ation in overall performance. This indicates that the model
. using 5 different random seeds and carried out statistical re-
has stability of prompt length, also shows that recommenda- o )
) ) ) . liability tests, as shown in Table 7.
tion performance is mainly determined by the GNN structure

rather than prompt length.
Table 7: Statistical Reliability of GLCSRec (Over 5 Random

5.4.2 Training Stability and Convergence
Seeds).

Table 6 and Figure 2 summarize the computational cost

and convergence of GLCSRec under different prompt lengths Metric Recall@10 NDCG@10 Hit@10 MRR@10

L € {16,32,64} . Mean 0.0765 0.1666 0.6888 0.3497
Std Dev +0.0052 +0.0108 +0.0224  £0.0241

Table 6: Training convergence and time cost across different

sequence lengths (L). The results show that all the evaluation metrics exhibit
Config Final Loss Total Time Speed (it/s) Epoch a high consistency. The low standard deviation (Recall@10
L=16 0.0021 =~ 8.8 Hours 3.37 5 o = 0.0052) indicates that the alignment of GNN collabo-
L =32 0.0360 ~11.1 Hours 2.68 4

rative signals with the LLM semantic space is robust and

L =64 0.3156 ~16.1 H 1.84 3* (fluctuated . s 1.
ours (fuctuated) reproducible. These results indicate that GLCSRec can ef-

fectively capture user-item preferences and is not affected by

random variations during the training process.
Convergence Analysis across Prompt Lengths

~e- L=16 5.4.4 Robustness to Data Sparsity
0331 T We evaluated the robustness of GLCSRec by varying the

cold-start ratio from 0.1 (Easy) to 0.5 (Hard). Table 8 sum-
marizes the performance alongside the training data scale to

provide a clear view of data scarcity.

Training Loss
=
o
S

Table 8: Robustness analysis under varying cold-start ratios.

The term train inter. represents the total observed edges,

0.00 | s while density reflects the sparsity of the training graph.
1 2 3 4 5
Epoch Ratio | Train Inter. Density | Recall@l0 NDCG@10 Hit@10 MRR@10
. o . ) 0.1 (Easy) 910,718 162% | 0.1569 0.1521 05483  0.2611
Figure 2: Training loss convergence and stability analysis 0.3 (Default) 683,826 4.37% 0.0805 0.1724 0.7058  0.3484

0.0471 0.1555 0.6783 0.3484

0.5 (Hard) 485,541 4.33%

over 5 epochs across different soft prompt Lengths L.

Training results indicate effective convergence; all config- In contrast, at higher ratios (0.3 and 0.5), the increased

urations reach stable or minimal loss within 5 epochs. The data sparsity forces the projector to learn more robust trans-

default setting (L = 32) training loss decreases from 0.3807 lation rules from structural signals to semantic prompts. The

to 0.0342 by the 4th epoch; negligible difference between the MRR@10 remains consistently stable at 0.3484, indicating
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that although the weakening GNN signal reduces the re-
trieval diversity, the stable reasoning ability of the LLM en-
sures that highly reliable semantic matching can rank accu-
rately. In particular deployment environments, the cold-start
ratio of items is often affected by external environmental fac-
tors, indicating the importance of this robustness.

Model Performance Sensitivity Analysis (Ratio 0.1 -> 0.5)

. )
R
&=
os
eties
504 L o recatoto
g @5 | - ocsalo
@ &~ Hit@10
=@~ MRR@10
03 (0.2611)
o
Cold Start Ratio
2 am tems (ar) B ol oms (Tesy
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Figure 3: Model performance sensitivity analysis and data
distribution between different cold-start ratios (0.1to 0.5).
The above chart shows the results among various evaluation
metrics as the cold-start ratio increases. The bottom-left
chart shows the ratio of the warm item (training set) to the
cold item (test set), and the bottom-right chart shows the
decreasing trend of the total training interaction volume as

the cold-start ratio changes.

6 Conclusion

In this paper, we introduced GLCSRec to address the item
cold-start recommendation. This framework bridges the gap
between collaborative filtering and semantic reasoning, con-
verting the high-order interaction history captured by GNN
into soft prompts. This enables the frozen LLM to inherit the
knowledge of the language model while also basing the rea-
soning on the collaborative signals. We conduct an extensive
experimental evaluation on the MovieLens-1M dataset. We
demonstrated the effectiveness and robustness of the integra-
tion of GNN and LLM through soft prompt. Even when the
training data was reduced by nearly 50%, the model still suc-
cessfully maintain high ranking accuracy by leveraging the
semantics of the backbone of LLM. This indicates that GLC-
SRec has achieved effective cross-modal alignment between
graph structures and natural language.

Future Work. We plan to investigate knowledge dis-
tillation technology to further reduce inference delay. Addi-

DEIM2026

tionally, integrating multi modal information (such as item
images and video descriptions) can provide a more compre-
hensive representation for cold-start items. Finally, we aim
to extend the current framework to cross-domain scenarios to
assist in item recommendations in domains with extremely
sparse interaction history.
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E-mail: f{ohara.rikuya,kojima.yutaka,sasaki}@ist.osaka-u.ac.jp

Ho5FL RIS 7=2—-F3rvy b7 =2 (TGNN) EEWZZ 712BF 54 XY bOTFHICENS—T7, ZDH
WHRIDTBHTH 2 L W BELDH 5. 22T, EFADTHORIY 72 285275 7 2FE L TIRRT 28T
EARD SN S. TGNN OFHAERTETDH 2 HFEFE QIEA-TGX X, By FEBICESGELZ L) X 4
ZHWS Z T, [NRBBRRZERICB W T S ZREZHER L O DR RINICHRRDFRETH 5. ZOFIEOI LR 5K
B L2 X % 720, #ISIEERTHI & RFTRERIC & 281722 Fik QIEA-TGX+ 212K T 2. ERTIENOOER T —&
ty FEHOVT, RODOR—=—R 7 4 YFHEEHBZITW, MR e LT, IBEBEFHREBFFE L R L, HEHATIEN
0.81%, RENAEFHATIIN 1. 1A% OB E O L2 ER L7 Z L 2RT.

F¥—7—F TGNN, #FHAFIE, QIEA-TGX
1 EC&IC

W5R%+ v k7 —2 (Temporal Network) ¥ i, #i& & Rt
D OB YL ¥ HICELT 2%y hU—2TH S [1]. ¥R
TLOMRERERT /- VEEY, /— FHEOMEAEERZE
FTVVIERBL VWS ZODFERTHB IS, RBRVIx v b
U— 7T, REORE Y » b2, #ikie /) — R/ — FREDY
VIDFRENRID, IR VI PRETIERE T4
Ny M ELTERRT S, 25 LR EICESE v b
V—JRDOFERDY 7 2FRTE TV 7Pl &, Y=y
Ny b7 —2 2] REER Y b —2 [3], ZETH [4,5], &
o7 (6,7 LV ol kRA RITEADISHDFRETHS. L
ML, RO 77 =a—F 1%y bT—2 (GNN) HHE>5 2
CDOTEBY I 7E#NT 7 7IREINTED, BINS 5 7
WS e DTELHEREEETANPREL 2o Tz

ZOMEEERST 3720, R/ 7 7=a—F 1%y bV —
27 (TGNN) »#ERI N7z [8]. TGNN &, GNN ZILR L, K
MM IRFERZEZET 5 e THINR, — F, =y VREOD
HREARICLFEEEEETAVTHD, AT LANDOZER
RKTFRIR L RN AL O T 2R 2 5 Z L DS ATRETH 5 [8].
TGNN R 27 7128320 Y7 Tl — Ko Vv
T RAZICBVWTEVWEREEREST S, 2L T, ZoTHlen
ORI E IR T 2 HIHAMTREM X, TGNN OEERERTH
%. ZhuE, TGNN OFHRTREMEIE TGNN £ 7 L% E I
BT 2BoEEECEDD, £, ETALOBAENEVE >~
AT LNOB KRR ERII LT 2220 TH5. L
72 oT, THETH AR TGNN OFHFENIERINTE
7= [9-11].

QIEA-TGX ¥, &Fby PERIICESET LY X AT
& % Quantum-Inspired Evolutionary Algorithm (QIEA) [12]
ZMH\Wz TGNN OFHHFIETH % [13]. TGNN 2B 53

HFEE, B2 S 7@MD -DIEEa X FEL D
TV, QIEA-TGX & Z ORI 3 2 $h3R M & fifik % 18
52, QIEA-TGX FETFE Y M X THEEREEZITS /-
B, ~EICHEBOMERETGETH D, FRICEPTRERZ
LI ZEDARETH B, TERSNI=FIAZZ 7% TGNN IZA
U CRHbifEZ G L, 2 OfHfifEicE O W TEF7 — Mok
ZETEY FOEHEREDKEL, HHI r ORROMERERT
5. ¥z, BERFERCEEZ -7y bAXY MO lhop IEZE LIS
A L, 2 2hop IFE 2 I L CaHi§ 2 729, TEREE
FRHIEL, EHEARY PO X DEYREHEREL T3, 2
DKIBAI D ORI RRRAENIC X D, QIEA-TGX &, FEtR
DF =Rty b EHWEFEBRICBWT, REEKOR—F 4~
L L, BAOREE DR LR LT

LA L, QIEA-TCX IZIZEIC O OFENEFEET 2. —0H
3, BT Yy bOFEHRICH W EELS — h OEfRA DK X X
DEESNTVWERTH D, BEFHEIFEFCRE S, 75
TSR EHATE T, REENDIGHSH L. =
DHIZ, QIEA OB ERRE TS, FEMRY To) & 1)
ORI THRIE X, BEMD S FEE LR o724 XY b DTE
ETZ2ZeDHBETHS. ZDX 512 QIEA TRIRETER
Motz XY MU T, BlOMHTZ OB % VE X1
BZRENDB.

FHIFE T, QIEA-TGX DX 572 2 3RS L2 HEy e L
T, QIEA-TGX4 %L T 5. QIEA-TGX+ 12X, AR L7
TODOHERRRT B D0 oW ENESENS. —OHIZ,
WIS 72 3R 2 BB 5 % Adaptive Rotation Gate Operator
(ARGO) ##DEATH 2. ARGO I, QIEA TREEZH
TW/zEERs — + OERMA %, Z O O EREE O FEATE 12 5
DWTENNICTHRE T 2T H 5 [14]. L BN fir Rk
BV E, FiiAT LS, Em0GE, RREME X
DIRSRR T 270, Blisfli e KRE L F 5. BEDMRE L FodfF
WESWTCHERA 2 KT 2720, SHIHRNROA RV M TH S
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R—=Fy FARY MR LT, KDELEICREEETE 2. £
7o, T OHEIZER/MEL BXMEOMTEESI NS 720, 7L
3V X LDFEMP RIS Z e N TE 3.

ZoHIX, QIEA OBRRBRIB LN EERRBMBIINL, F/
TR E1T 5 B OHREETH 2. QIEA ORIBINRBER
BTOREMD S FLMEE LR oA XY MTHL, HA4 X
v OFEMRE KX, SABELS LR T2 X5 Rilas
DEEHRT 5. QIEA OERBICRIHHEREITS X574, =
BB DRI HEFT T 2 2 & T, QIEA TRRDEEDHES
WEIZ o 7e 4 X2 - OERIFEED M LU, 2R E O
M LSRR TE 3.

FERTIE, DO DHEF—X+E vy b (Wikipedia, Reddit, Movie-
lens, Enron) ZHWT, ##£FE QIEA-TGX+ &, /R2ODR—
A F 4 »FiE (random, T-GNNExplainer [9], GreeDy [11],
PCGExplainer [15], GA-TGX [13], QIEA-TCX [13]) & DLt
2175, FMIEAER, FETEARY b, TELRVARY M
XU, FHEAHEB L OKEREEHIAZEINCERL, SHHOS%
51 (fidelity), EITRREZEHET 2. #iRe LT, BIFEFIEL
FeBg U, HIEFPH T 0.81%, KERAEZHTIEN 1.14%D
FHBE oM EeZER L2t 2RT

2 EAEMWR
2.1 BRISIZa—-SIryrTo—2%

R 2o 70, BRI EE 272 7 (DTDG) & i E)
2727 (CTDG) D=2y 5 M TES [1]. DTDG
3, KM 25 7% R4 LARY A FEDRFy T ay MES
WREIAL U, SE A AR R 22 & BN 7 R A B A &R U T ICE
3 5. CIDG 13, RZEMZBEBILE T, 75 72X 4 L AKX
TRHEDARY FDOYRFTRL, KRG A bV —2 DR
HEREM: 2 HERE 3 2. ABFSRIC BT 2K 275 713 CTDG %
MR T35,

CTDG ETILTIE, A NV MBI — FIHFRELHED ) —
FHRHENLT/ — NEDAAZEHT 2 FENFERTDH 5.
REWMZFHEL LT, HOEEBEMEIC X D RREIBEREENT 2
TGAT [16] %, BEHEHREZRIF T2 X EVES 2 — L2 EAL
72 TGN [17] B2 F 5 5. SEFEOFTIE, Zh o DFEDR
LR KRHESFEET L (LLM) ADJEH & W\ o 72 A0 TH
N TW5. DG-Mamba [18] &, HREEZZHE T L (Mamba) %
BATSHZ2TTGNN OFFETH 25HH 2R b OHIBE K-
72 CTDG E7 LV TH 5. fIBEERMDE W Transformer DD
D2 Mamba ZHW\W2 Z & T, KHFEEZ Z X SfREA L
HIIT& %. LLM4DyG [19] i, LLM B2 T 7 A S
bRV Fv—ITHY, LLM OHEREEN 2 - TEI 2 S
7 DWFZEM AN R — >V RSB 2 HHAZREL TS

2.2 J37Za—-3J)lxy cI—UDFAFE

GNN OFBHOEHIZ, FEHHA L RERBHAOKE
DIZHFATE 3 [20]. HEFAZ, FHICRAOEELE5X 3
J— NEMBE LIS 72RO s e IS, —7T,

DEIM2026

REFAEHREZ, 7 L0 THEES, A7 5 7~\OFRNDZE
HEEOF3 e THHERMET 3.
HEFHDOHHFIETH 5 GNNExplainer [21] 1%, ASTD
—WEECSEFUHNEBETZ 22T, THlCEKRKDE
BREZ BT 72AOF 5. REREHHDOHHFE
T» % CF-GNNExplainer [22] 1%, {#EEIk DR ERE TS 7
ODTHNEEYL, D7 o7 D& & L BRBEEE R
B2 CHMHEEERTZ. £/, BN 7120 LT
Huwsh 2 3BHFE L LT, T-CNNExplainer [9] 23217 &1
%. T-GNNExplainer (Z#H 25 7 1@ GNNExplainer %
TGNN IR L 2HEHAFIETH Y, TV 7 o RER
EHOWTEHERARY VEEGEHET . 7, BFREREN
72 TempME [10] &3 FHNCHR D FE T 25 2 — > ZHlil
T5ZLT, XhEREOSVIRIAZIRES 2. 2518, GFD
T T, Rk AL Hffi O IGH D HEA TUW . Graph Diffusion
Counterfactual Explaination [23] 1%, #5#E 7 (Diffusion
Model) ZFHWTZ 7 7D7—X3HE2¥FEL, X BRAEK
FH 75 7% ERT 5. LLM-GCE [24] &, 7°7 7 #iHFE
¢ LLM %A L, THOHRIS 7 Z 7 oS E HRERE
THHIEZRAZHEEL TV, 2D XD, FOEDAER Al
BfioEd i X b, HAFEDH L REREZRETV 3

2.3 Quantum-Inspired Evolutionary Algorithm

Quantum-Inspired Evolutionary Algorithm(QIEA) 1%, &
Ty b eREBOEREDE L VBTV a—T 4 V7
OREE e FHICH O WL 7 L2 ) XA TH B [25]. #L7
NIV RXLZBI2RERZETE Y MK 2EREDEIRE
TRET 2 28T, ARBEREMICBOTH ZHREZHERL,
WIERANCERRDIVRETH 5.

QIEA 73V X412, BABRWUEBITOOA TV S
ARGO [14] X, DEERBPOLMEERET 274 12D
Bt 3 272012 QIEA ICBASINHT-HTETHD,
fROFMEICEDOWT, BT — FOEERAZEINCTET 5.
BBV 23 CHERL, B Z2RAHERT S X
SICHEREZ D LT, RERIPEEATIEE2 5. QIOA [26]
F, QIEA I+ Y IAFRPBEFHONREDRTHHNERSE
EHAAATEFIETH S, P IARRICHSE, THLF—
PREE) 2L CTlhlZ S RINBE§ 2R EAL, Rt
i & OPFHEEN 2L Lz D, & FHONZHEL T, H A HEEK
BRWEZEDT 2, MofERd ZDEREHE R B X1
PR, RN LEREARRICR 22, QIEA OkRER -
WL TWA.

Fiz, BFOMKTIE, ZOPAMED S QIEA 3k 4 IR 5TH
WHEAXNTWS. CNN EFLDANAAL NR—RFTRA—RF 12—
=V 7T, QIEA IERDBIEMN 7 L3V X LRRA X
{b% L1812 M5 INHGREE 2 Z R L7 [27]). ¥y 77— X @
WKBWTH, TR TEZRREAGDEEER LIRAICHE
7Y 7y MRS 2 Z2FH3ED THED VWL 2, QIEA
ZHOIFEDR, kL BRERTTT — &ty MW TREBE:
KIEICHIR LoD, nEREZ M X 87 (28]
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3 FH Al E

3.1 BEJS 7Bl 7Za—-3IRry hT7—2
HERREEIN 22 7 (CTDG) &, G = (NV,€) REB. Z
ST, Nt E={eien,...er} BZENZN) —FE ARV}
DEAERT. ARV e = (ws, vi, 1) 1&, RALARY
Tt WWRETE, VA —F u PBR—=F v /=Ky
ANDA VRS arvERYT. K7 7=2a2—I1%v b
7—2 (TGNN) 2B 5V > 7 FHlix, 2757 Gk = (NV*,£F)
(& ={e1,e2,.eb_1}) BB, BRABNIZY VT e OFEER
FHT 2 2HME LTV, Bl t, $CORMZ S 7 gk
HDEAL R MER EF 2D, Z—F v b e, DILFITFIET %
ARV MEE EC(ECCER) BMIHL, =7 v ey & G %
HRFEAETIN fICANT 22T, THRER Vi = £(G°)[ex]
21§5.
3.2 METESE

TGNN OV > 7 TRz BT 2HBHTE, THIORME 72 258
BRARY P EEGUGHAZ S 7 G° = (N©,E°) BFETAZ L
ZHIE LTV, ST HEGA & KEREHIA?S b, kf
RARY MIFETIHELHFELRVGEEYNHZ. Lo
T, B OREEA D 5. BRHIZ 5 7 G° C GF, i5%A
NV b er, TGNN E7)V f, sparsity ¢ € (0,1) D352 67z
BE, UTD G 2RET2 e 2 HNE T 5.
1. FET 54XV b OEEHH:
°)[ex] subject to } } <¢
2. TFELRWVAXRY M OFEEHA:

G°)|ex] subject to IEZI <9

maximizes f(G

minimizes f(
3. FET 54 R b ORI

minimizes f(G°\ G°)[ex] subject to |£‘Cg\pie‘ <o
4. FELBRVA XY ORFERAEGEA:

maximizes f(G°\ G°%)[exr] subject to ‘E \g l<o
ZZT,G°\G° = (NS E\ES) THB. bparsmy ¢ \IFHT
Z 7T AR MR HIRT 27 DICEREL, LY 5 7
DANRY MEF EC DA RV Mt ¢ DRADIEDERATREIL B
RARY MITH 5.

HEHIE, TOTHRREFER T 2RNROED 77 7%
BT Z7 G° L LTIRRT 5. fFET 54 XY MIHT 55
HogGeE, THEZ RS & MATRLHMZ 7 7 ¢¢ 2R
5. FHELBVANY NS 23HO5E, TRHEZ &b
RS HAFTRERI S 7 7 G° RT3,

REFARBHINE, AT 2 m/PNRDA R FHIBRIZ X -
T, TRIDEZ K580 272 7%FAZ 57 G° L LTHRR
T3, FIET LA XY MIHT 2HMADEE, 4 X2 Ok
WEoTFHERZRDESHNTZHMAI S 7 ¢° 2HET 2.
FELRVA XY M 2FAOE G, A X b OHIFRIZ X -
TPifEZRb & AT LIHMAS S 7 G° 2HRKRT 5.

3.3 QIEA-TGX
QIEA-TGX [13] %, TGNN @V > 7 FHlFEHR I3 3 3R

DEIM2026

ERFIETH 5. Quantum-Inspired Evolutionary Algorithm

(QIEA) 2L T, 4 XY FOHAEDOEERRIICHER

35. K112 QIEA-TGX oMK ZR~T. K1i1cB8lF5

QIEA-TGX D2FEMLRHIUILTOED TH 3.

1. #JHAME: 2 TOA XY P OREMR (BFE Y b) 2855k
Rk (0.5) THIL.

2. Bfll: EFry FRBHMIL, AMF Uy MIZEBRLTHE
18, MFAEZHEE.

3. FH#i: TGNN 122757 (N4 FVEy M) ZASL,
JERE & FTEL.

4. BE FHEASRICHEOE, - MMETETE Y FREH.
A #TRMARITET2, 3, 4 OFIEEEEDIEL, @
INEORbEWS T 7 EHIHZ T 7 2 LTHI.

ﬁ —®
— 05@ _ = ®
05 :05 ) © 'm:TGNNKﬁﬁ?E ®
=) AhlmsEens | m) ©
y*F bRk @@ @
s, 07,7°%
1. H%E: BFEEREE. ®' ’ 5. WA
LTOARUID ) R BEENRLE NI F7%
HFHET HHELE05ET S, 4. B FREISR O, HETIIELTHA.

PR CREEZEN

X 1: QIEA-TGX DOHEIEX

F 3%, QIEA-TGX BT B AKRKRINCOWTHIAT 5. ¢
ROMEAT LTV X AT, EERIGEE, 2 #8, E¥, -
BRLSMRRBIIC Lo TRSLEh 3 [29]. —77, QIEA Tl
RN IREEZ RSB Ty FCHIEERETZ. EFEy b
BRDESICRET 3.

lg) = «|0) + B[1)

ZIT, a b B BHERIRIETH D, ERILELE o2 + 82 =1
RiliT. o2 BRO B &, TRZRETE Y b (0, M)
Y LTBMS W3R EET. BE n ORTVY MBI 51
th Qi MR X3 IcHkHEh 3.

Q= {‘q1>7 |q2>7 AR |q'n>}

ZORBICED, FEFE Y M To) BLY T 0TIk
REERIRFICHETE, 2" B ) OREEZRRHICRITT 2 Z & 23]

REL%5. Z0X51C, —DDEEIEBOMBDIREE Z FRHIC
KI5 2 T, RO L ARUDKRIBIZH £ 2.

iz, QIEA-TGX DEEFIHIZOWTHAT 2. 3%, &

BFEy b2 01 & T1) 2EHERTHEET 2 ERGOEINE
WKL S 2. BEARICIE, BE n OBFE Y MICBVT, &
BFEY b |g) ZUTORTHENLT 5.

1 1
m0—7§®+;@D (i=1,2,...,n)
TTHRE 5 & BIRIEER |of? = |87 = 0.5 ZEIKT 2,

ZhTED, ?“%”“Fﬁéﬁi’a?ﬁ%k?“%a‘é CEHAETREL 7R D,
WIHEBE T DIRZE M D 2RV TR E 5. ABITIX, BT
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By MIDEX n 34 XY PEAADA RV M E°] 1Tt
T3,

i, BHREERITS . BT, BETE y + OREEBEKL
BANALFVEY MIEHT 2. FREFEY b @) = u]0) + Bi[1)
&, LR OfERICESWT 1o 721 My wveshs.

P(0) = |ail*, P(1) =8

ZOBEINC X o TEREI NI NA F Y By NIDFHERN SO 2
Z 7k, HSEOFCHHEXI NS

R, FHIRIERITS . BENC X > THEEL /AL F U E Y b
Hl% TGNN AN L, ZOMNEHESE Y 35, HIGE 21X
AN I IR =7y FARY FOFRNICENE TIEHS
LTWE 22 RTHETH D, BRMIZIE TGNN i2k3 )~
7 TR DT HETINIGT 5.

R, BHREEITS . QIEA-TGX ZBII 3BTy FOHE
FHREE, Q ' — NS Xk AEH L HY — MCXB3EFTDO oM
T 5.

Q ¥ — M X 2EH, FERELECTET Y v b OEE
RIE o, B ZTAREL, ROMERSMEEINCELE 28 TH
3. FICBHX N EROBGED, Z DR R TOBHIXh
FRBEKROHEIGE LD &L, »2OoMIGT 2y FRKR 2D
BE, BTy POREBERREMRICGEON 2 L5 CHEIEXE
5. [EHEITH] R(0g) WIUTD XS5 EREN 3.

—sin(fq )]

cos(0g)

R(0o) = [COS(GQ)

sin(0g)

INEHVT, BTy NI TO XS ICEHIINS

) o

E#EATHE A WS 22T, BHINZETEY b |¢) =
al|0) + BI1) IXIEHLSE R T, Zo®fEickD, BR
PR O IR 2 BIN X , KIB 72 5% 6 iR O TR DM e X
na.

H 77—+ (Hadamard 7'— 1) IZX2EHI, RFLY bO
EERRERELRSDOEIRBICEIR L, HREEOSMEMZ A E
XBHEERKERES [30. HX— Mg, EFEy 2
fELT Toy & T o5 OREDNFRHCEAET 2HEREDYE
DIRFER LR T 272, T0y 7 (1) OWMEIBE XN 2 BRK
HRELHEL, BROZHEMEHIRTE 3. QIEA-TGX T, [
Eﬁﬁu;b%*ﬁ@ﬁ@ﬁuﬁotanu.%Wﬁ@%ﬁﬂ
HNC VO WCEET 3. BlZIE, o 25 0 IESWizgE, 0%
Dﬁ%@%ﬁJ@f%F@ot%mH&—b%ﬁmLta
O, B R VI -0 KRETS. COESICH F—
N OBRICEHEEMTZ2 T, FRTE Y FORD ZEML,
FEEDRERBADPCREF S Z e BT E 3.

Dbo T8y, TEHE , THE#H »ok23—HoBER m
£ 2% —ERBZIREDEY. Zo#ET, BlllkicEnxT
WD B VBB R R U 72 RS, BEM e BR Yy LT
(IR) TEH LT 3. —ERBROKEIKT LiRET

DEIM2026

BIE R S EOEIGE & R 2K E AL F U By MICE
L, BAZ S 7 LTHAT 2. ZOFEZZ 7%, FillET
LYW D HEGE LA RY VEETHD, FHIOHEME L
THRRT 5.

4 REFZE

ARIFFETIE, QIEA-TGX 1i2xf L TARGO 1 & 2 #IGHIE
#1 o, TEPERIC X 2H®REEL) O o0W R EA
L72F QIEA-TGX+ 21K T 5. X 212 QIEA-TGX4+ @
RIS X % 7R

QIEAIZ& B
us@ CAEIEED) 4. ARGOI= X3 F§i.
BB kLB R BHOBGHE
3. F I:{> DEITHL T —hEEAL,

05 105
05© E{}
@ By PR @ oy

FEEER.

1. ;Adk
2. 8H
® M
@ <5
© : 6 REFAR
@ TFIEREEATOIFE IEM JITURRLIGEA o F=A XML,
BHABDERERETS.
1.HAH

2: QIEA-TGX+DHEIEX

B RUHEOFRAUIL T o@D TH B, £F, SR e
RBTTIIZEENEANY N OBEEMRE 0.5 TOHHLT
3. KT, QIEA-TGX DIFR T 1+t 2I2BWT, FEIERDEIEI,
TGNN {2 & 3§, 2 LT ARGO 2875 — FEHFD
EO00BMEERHEDIERT. —EEBDRINKRETRTL, &
%12, QIEA-TGX IT X 2 FERTHR LN YEMIHK L, fERH
INRLE SR oA RY FDAEERRYE LZRFHERZITV,
BRI S 72 M5 5. SRRSO FEIE LU O i
TR

4.1 ARGO

Adaptive Rotation Gate Operator(ARGO) [14] i%, QIEA
DETEY bPOMAERECBIIIZNREFETHS. (KD
QIEA 1281 2 [HEEES — MI—MICEE S Wiz BlEiA 2 v %
2, ARGO TIHEADBE A IS CREsAEELEES.
DFENE, KB EER & RN R ELD N T ¥ 2 2 BN
L, MOBINREREICT 2. £/, BERADDH 5 —ED
HPFNCINE 2% LD, 72 R LDREMDI TR XN 2
ARGO 1B 2 [HELA 0g DFEIZLIFD L S 1cRINS.

when bits differ

9Q X s
0o =

0o, when bits do not differ
fbest fz )

K - emzn)

ZZT, Omin BEY Onax EZNENEERF O TRME L - R{E
THY, M OHEBANTHEE NS, K IZESEDE
BEERNT 272DDOR 5 =) Y JFETH 5. BICEDOER

QQ = emin +

X (Omaz
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FILIAU XL 1 ARGO I X 2 AR DO EHHFIE
AR A XY MES SC, iR Q, kDA F Uy M P, &
ROANA FUEy M B, EEEDHEISE £, BEEISE frest, [
HEA DEIME 0,710, IR DIKN O, IERULIRE K
W EFE R Q
L Af 4 | frest —
2: 9("90 < Omin + (Af/K) X (Gmaz — emin) > [Al#E M 2 51HE
3: if f < frest then > FERORREICE X D EBEWIGE D AEH
4: for j < 1 to |S¢| do
5 if P[j] + B[j] then > BHllt'y P RERY Y MR 23

mE
6 if P[j] =0 and B[j] =1 then
7 s+ 1 > IE7 A\ [ElHE
8 else if P[j] =1 and B[j] = 0 then
9 s+ —1 > BTN [ElEL
10: end if
11: Qlj] + Q_gate(Q[j], s X bargo) > HEMMAIZED L
BN [E1] 45
12: end if
13: end for
14: end if
15: Q <+ H-gate(Q) > H 7'— + O

16: return Q

B3 Z iz kb, mEMERD S EWERIIEA Z 22005 55
A, REMZ TR Mg h 2. —7F, KEERICE
WERIC SN X 7 BRSO Z Mo  BRER
% by 27bh s, s ZEFE Y AR Z5EOEES
MZRES 2 7DD ET, HEQEKORTFE v + OBIHIE
Obs(|gnew)) ERBERDETE Y b Obs(|gpest)) DIEIZHED
WT, LIRD XS ICREZNS.

L,
s =
_1’

Tbb, s Ik, BEOHNEIREMEY —B L T\ 355
FHEEREITH T, B 255 1EREBMEAD K RN EERE N
Z 5. ZOBEBIHREEC LD, BROYIMIERE TIxZ Mt %
MR LoD, B TIXERERICREZFREICT .

ARGO ZEA L7 QIEA OHEFEEO 7 L) X L% TV
YL 1TIRT. ANO P EEREBEAIIL TS FUEY
MIEH L2y M, B I3REBEEKEZBHIL T F VU E Y
MIEIL-E Y MITH B, £3, 29THE 34THT ARGO
BT BMEEEA 0o ZEME TS, 4THE 6/THTIE Q #— F
AT B BOEMHERITo TV 5. BHNIIBEILE RS
DORREIGE & D BEBWERDOAIITS. /2, BHllLZY Yy b
YEREMEOY Y FERBLT, BR2BTFE Y FOAICER
2175, T4TH» 5 11 THTIE s ZFHEL, vy FHER 31
ol AERET 5. %KIZ, 121THT Q ¥ — 1+, 16 TH
TH Y —MeBEAL, EHREELKTT 5.

Obs(|gnew)) = 0,0bs(|gvest)) =1
Obs(|gnew)) = 1, 0bs(|gvest)) = 0

4.2 BFREE
QIEA 12 & 2 KB RERPK T LR, IRXNTOETFE Y

DEIM2026

230 F720F 1 ICTERWINEKT 2 3RS 3, 0.5 L TEH
UDBEEDREE > TOWRWE Yy MBFETRBELRHS. 0
koK y FEHERMCEE L TRERE T2 2 i3, &K1
BWHZ S 7 OFHEE IR T IR 2V R IDH 3.
ZOREICHILT 3 7-8, QIEA DHFERE D DEMDIHEE L
BlpolaA Ry MIH L, BFiREELEIT, Z0REEZ
MEXES. £7, QIEA I X AHRTHONIREMIEEK Qpest
DETVE Y M OFIERE 32 2B L, REEAXRV T e D
U BRHET 5.

U= {ej € Qbest | Tiow < 5? < Thigh}

Z 2T Tiow, Thigh \EBIET® D, [FIERERDS Z OEIFHMICIN
ARV FERMEEL LTHRD. 20k, U KEETNZRET
ARV T g IZ20WT, ¥y FERIESE L ED#IGEDOZL
B AL RFHEL, ; BORSKEY Y b 1 ZEIERHY R b
Loda W2, e; S 1R OKERE w b 0 ZHIERIER Y 2 b Larop 1
Af E—HEICEIMT 2. TRDDB, Loaa &, TREEBRE AR
>+ OERBDEM (0= 1) T3 e;, Larop W&, TNEERY

ARV FOFERBDED (1 —0) T2 e THZ. ZDDY R

ME Af ORIEICY — 22175, VR MEERRIEZX, Moo

DT EITS .

1. BMEERE: BED A XY b OFRAKA XY+ ORKEEH
AJREEL maxevent AR S, 4 XY MDY maxevent 17K
BET, Af >0 TH% Loga ADA XY + % EAiHSJH
275 71BMT .

2. ANMBZERS: Lo NOARY FERALZ L & OHESE
FRUE Afine £ Larop NOAXY FERHA LR L &0
JEEEIRAIE A faee DFZFREL, Afine + Afdec >0 & 72
BHAEDRICH L, Loga NDOA XY M EEBI, Larop M
DARY FRHIBRL, ANBZZITS.

Thbb, KEEARY b e; ZRIEEL, BICED LA T 2%
5, maXevent DHFANTZORIEZHRAT 2. /2, RIEL T
BISED LA TE2ARY PP TEARY IR _OFIET S
BEH, ZENLDARY MR ANE RS, ZOHEBEWRERICK
D, QIEA 2SKRIRINCHR DIAA TR ZEM O T, HRi&r7it
Y7275 72 EIEL, BRRBENOEELZHEEICT 5.

RFTFEREEEO 7 LIV X 0% 72 Y X8 21RT. 7,
TITHTREMEE Qs DETE v + 2 OEHEHESE 52 2EHMH
L, 2fTHTRIEEA RV b e DEA U 2RET . 20D,
U REENDIREEARY b e; IKDOWVWTDA, 5 FTHLUETIHE
KMEEfEEXES. £3, TITHT, REEA RV b e; &K
LB ADMIGERFHET 5. 2L T, 101TH, 121THT, ¢;
B0 72 HIBHMERE, 1 72 SHEIERMEMO U X MITEMT 5. Zhk
UREENDZTRTD ¢; THLTITS. 15 THTR VR D
V—bEITS. 16 05 24 1THIX, ANV b OBIMEFETH 3.
FEORRBEKZEHML, FHAA XY MDRAMELTT, »
DOERAIC & DEIGED RT3 4 XY M AEIMER Y A M CTFE
TET2%5, 20fTHTZEDOARY F24FHL, 21 TH CTHEIGE
BFEHT D, AT NBIE, 25 205 36 fTHIEANY FDOA
NBEZBERTH B, BIREY X DA XY MBS X 285G
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FILAV XL 2 RFHERROFIE

AR IR Q, REDANALF VY Ml B, REDA ¥ F v 7 X best,
%Eﬁmg fbest’ E’ﬁ{ﬁ Tlows Thigh» E—ij(/f N }\iﬁ maZevent
H: BIEROBRDO AL FYE Y M| B

1: P < sin?(Q[best]) > fERETR
2: U+ {j | Tiow < P[j] < Thign} > REEE Y MES
3: Lodd < 0, Lgrop < 0
4: for j € U do
5: B+ B
6: B[] + 1 - B[j] > By bRIR
7: Af < Evaluate(B') — fpest > ERL 735G DBISE 235
8: // SIMLEREL S DIREEITS
9: if B[j] =0 then
10: Append (j,Af) to Lagq > 0—1: BAMER Y A A
11: else
12: Append (j,Af) to Larop > 1—0: HIERBSAHY 2 A
13: end if
14: end for
15: Sort Lgqq and Lgyop by Af in descending order

-
@

// EIERRE

17: for (j,Af) € Lgqq do

18: k < CountOnes(B)

19: if £ < mazevent and Af > 0 then

20: Bljl 1 > ANV MEEBEM
21: frest < fvest + Af > B E Z EHT
22: Remove (5, Af) from Lgqq

23: end if

24: end for

25: // ANE ZERPE

26: for (i, Afinc) € Laqq do

27:  for (j,Afdec) € Larop do

28: if Afine + Afgec > 0 then > OHEINED LS B GE
29: B[i] + 1 — BJi]

30: Blj] + 1 — BJj] > AN FEANEZ
31: Joest < Joest + (Afinc + Afgec) > BGEEZEH
32: Remove (j, Afgec) from Lgrop

33: break > R 7 HALD 72 DR DIBHERN
34: end if

35: end for

36: end for

37: return B

JE ERE L HIBRER Y 2 b DA RV MRS & 2GR &
DOMMIETH 254, 29, 30 THTARY FOANE Z 2TV,
SUATEHCHICELXEHT 2. ZNEHEICEOZLIENIETH 3
BROEDIEL, TRTDA XY +OHEERKZ 2R E T DMK
T, BRREIHY 77772 35,

5 % BR

RETE, [13] THOWOHNIZARDDN—RF 4 Y FRITNZ,
REFETH 5 QIEA-TGX+ DFHEODFHETHE DKL
#2175, EEUZ, Intel Xeon Silver 4210R CPU(40 2 7, 2.40
GHz), NVIDIA RTX 6000 GPU (40 GB) %##&# L 724 —

DEIM2026
x®1: T2ty FOBE
F=2tyk V- &-Fvyb GH/—F Ury FHHEORT
Wikipedia 8,227 1,000 9,227 157,474 172
Reddit 10,000 984 10,984 672,447 172
MovieLens 200,948 87,585 288,533 32,000,204 1
Enron 158 158 158 517,431 172

2N (0S: Ubuntu 22.04.4 LTS) TiT-7-.

51 RER®{E

5.1.1 K77 7=a2—-I12xvy bV =27 —Ktv b

R T, FHFRD TGNN & LT TGAT [16] &
TGN [17]) ZHW/z. 7 =&+t v M2, Wikipedia, Reddit,
Movielens, Enron Z i\ /=, 7 —Xt v s OMEIZER 1 1R
3. TGNN OFE X, &7 — X 2RRIINEIC 70% : 15% : 15%
DEGTHEIL, zhz2n 2T — &, a7 — %, 7 A b
F—X e LTHW.

5.1.2 #gF ik

REFIL QIEA-TCXH+ X T, A2 HEFIRTER%Z
1795, HIRFHEELI NIRRT,

e random: sparsity DFIIEREZT L IICT VX LITAN
YRS YTV L, iHilieRUEREGE DR LT, Rk
ARV MEERIERT 5.

e T-GNNExplainer [9]: PGExplainer [15] &t/ —&
CLTHIAL, YT AL uRERICX > TREKRA R
MEGEHREKRT 5.

*  GreeDy [11]: A XY b& 1 ARFOBM, HIBRLZ25E
HEFmA R 2 MERE L, THMED R D R AR5 A RV DB,
HibRZ# DR T,

* PGExplainer [15]: AJJ1ZZ 7 DEA XY NI 2 H
EERPHEL, BEEEDSEVIEICA XY MEFHIHSZ 712
BINT 5.

e GA-TGX [13]: BE7 LTV XL ER—RIT, TXPHE
RERBERBELTRERA XY MIAEDOEEHRRT 3.

e QIEA-TGX [13]: QIEA XL 3R Ty NREYET
F— MEEIC KD, SRRMRBTHRINRBE R A XY
MHAEDLEERERT 3.

LEls Rk v EEREELX [13] b FRETH 5. 2 TOHPFED
RRFEATHRR %2 10 772 L, sparsity & 0.2 £ L 7. random,
GA-TGX, QIEA-TGX #2757 o fER B0 500 [Eic
RET 3. GreeDy &, A X FOBMEZIZHIBRICEL>T
FHRUED K E L L 725 D, sparsity 1L B4 XY MERR
WELEGERFETERTT 5. X512, TGNN 08I
2hop ¥ TOEHA NV MEEZMHL, neighbor sampling [17]
i3 10 A L7, QIEA-TGX OEHIIEIER 2hop ETDA N
VEEEEL, FHTIETE Y MEkE 1 E, BT
HZ—FDRIR—K% g = 0.01lr,0 =001 £ L. ¥
72, QIEA-TGX+IZB W T, ARGO #IC B 2 [MEif DK
KN Opas & B/IME Omin 1, Omaz = 0.057, Omin = 0.0017,
27—V YR K =1.0 ¥ L. RFERCB T 2HE
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& 2: fidelity (Movielens, Enron)

HHEHA RFEARAEEA
Movielens Enron Movielens Enron
TGAT TGN TGAT TGN TGAT TGN TGAT TGN
random 0.083+0.12 0.00310.15  0.18910.11 0.075+0.16 0.23940.20 0.17140.15 0.13110.13 0.26210.20
GreeDy 0.099+0.12 0.023+0.16 0.14510.15 0.08210.17 0.36640.22 0.22810.17 0.31240.20 0.35540.25
PGExplainer -0.08040.18 -0.09040.14 -0.09840.22 -0.10440.24 | 0.069+0.17 0.081+0.13 0.068+0.13 0.100+0.17
T-GNNExplainer | 0.052+09.17 -0.01310.16 0.17340.11 0.098+0.12 0.17240.21 0.160+0.15 0.1004+0.12  0.23540.17
GA-TGX 0.13240.10  0.05940.12  0.188+0.11  0.071+0.17 | 0.22640.12  0.12540.08 0.106+0.11  0.25440.19
QIEA-TGX 0.18140.11  0.087+0.12 0.19940.11  0.13040.13 | 0.4144+0.16 0.25640.12  0.34840.20 0.419+0.26
QIEA-TGX+ 0.18540.11 0.08810.07 0.19940.00 0.13140.10 | 0.41340.28 0.258410.14 0.34940.12 0.42410.07
# 3: fidelity (Wikipedia, Reddit)
A ELEsEE
Wikipedia Reddit Wikipedia Reddit
TGAT TGN TGAT TGN TGAT TGN TGAT TGN
random -0.01540.19 -0.023+0.15 0.15540.14 0.079+0.15 | 0.2974+0.19 0.163+0.13 0.204+0.14 0.25640.20
GreeDy 0.002+0.20 -0.0054+0.16 0.13940.15 0.09040.15 | 0.43540.21 0.2364+0.15 0.4734+0.23 0.36640.25
PGExplainer -0.21040.17 -0.10340.13 -0.17410.24 -0.095+0.23 | 0.16840.18 0.09040.12 0.113+0.14 0.110+0.19
T-GNNExplainer | -0.032+0.19 -0.043+0.16 0.152+9.13 0.095+0.11 | 0.24210920 0.157+0.13 0.1514+09.13 0.2464+0.18
GA-TGX 0.11140.10 0.0474+0.11  0.16140.14 0.071t0.15 | 0.22340.16 0.12140.08 0.183+0.13 0.24840.18
QIEA-TGX 0.13240.11  0.07440.11 0.17940.14 0.12340.12 | 0.45640.23 0.25340.16 0.49040.22 0.42140.25
QIEA-TGX+ 0.13440.13 0.0751+008 0.180+006 0.12240.11 | 0.46510.13 0.256+0.12 0.497+0.18 0.430+0.05
Tlows Thigh (&, Tiow = 0.1, Thigh = 0.9 & L7z, TR L TESMESHERIATE D, HEOEWTFELE E X

5T 1 5 42

FHGHEFZIC 1, fidelity [31] B X CETREZMHFHT 2. fi-
delity &, FFHE LTt Sz 27 7 B FHlFERICE 2
R (REE) 2UET2HEETHD, LT X5 ICER
N5,

5.2

F(f(),6°,6% ex) = L(Ye = 1)(f(G°)[ex] — £(G)lex])
+1(Ye = 0)(f(9°)[ex] — f(G)ex])

REEFRABHAICBNTUL, BIEED 7S5 7 G° »batREln 75 7
G ZBRAINL G EOREBEL LT, UTOLS ITERSINS.

F(f(),6°,G% ex) = 1(Ye = 1)(F(G°)[ex] — F(G°\ G)[ex])
+1(Yie = 0)(f(G°\ G°)lex] — f(G)[ex])

22T F() BERIDA XY Mizxtd 3 fidelity TH D, FERD
PR E LT, AR b ey D F() OFFE L 525D
ZHW3. fidelity & [—1,1] O#IFATEZ 2 D, EAKE WS
HEF L.

5.3 EBRER

5.3.1 fidelity Dz

% 2 1 Movielens ¥ Enron, £ 3 I Wikipedia ¥ Reddit
DFETERERT. % fidelity DIHIZ, FETE2AXV b, 1F
TELRVARY MW T 2HHDFEETHS. X=X 54
VEFEHBEE B LT, £ 16 XX —YOEBRZRER 13 X -
BV TRSEW fidelity ZZER LTz, UDODTF -2ty b4

3. QIEA-TGX T2, HE, d LEbIric kR
fidelity % acHk L7z, REREFHICB T 5 Wikipedia, Reddit
BRE, NED AR = TIRIHBNKRER R a7 FREDHET
x5.

5.3.2 fidelity & SE{THHR R

312, "= T4 YFiEr D fidelity ¥ FEIThFM DL Z
RY. T—X+tv b Movielens £ Enron TEHHL, %77 7
T TGAT, TGN OfEREZzhzn7my L TW5. QIEA-
TGX+ X, £ TDHZ 5 7T QIEA-TGX 2 HANTHEIDT»
WHAHBFDIMELTED, QIEA-TGX & D s ETREPEW
s, ZHUIRFEREREBIC L 2EETHD, QIEA
W EBHERTRDIADBRDRoTARY FBZ VY, ERINE
MAEDELEARLTLEY, EITRECGEERZRIZT I ®
RLTWVW3.

5.3.3 771l —YavARRT 4

#% 4 1T Movielens, Enron, % 5 & Wikipedia, Reddit (23
%, ARGO b EFIERENZTHOEEDOAZEA L 25HH
D fidelity Z{LERT. 1ZL AL DX — Y TIRIBRFED
B EW fidelity 208 L TW2 2, KEREHHD Movie-
lens(TGAT) TIZRARRD AEEA L72HE DD fidelity
PEWZ DR TE 3. Zhid ARGO OAZEA LGS
M QIEA-TGX X D % fidelity MEW=HTH B EZHN5.
ARGO 32 054, BINAEEAFHEICLD 75 71T
T Bl R 2 (RS 2 238, RHEDTR T F 2 L TRER DL HRIED
Jebi, HEERZEE O IR WHF % #7250 E OV R AT Y
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—¢ QIEATGX (TGAT)

» random 4 GreeDy A T-GNNExplainer [l QIEATGX @ QIEATGX+
") 0.20 »
X
0.15 0.18 i
Zoio| - 30.16 +
o ue 5014
hel s |
*0.05 a| ®012
4 0.10 A
0.00{ * 4
a 0.08]
107 10 107 10
runtime (s) runtime (s)
Movielens . Enron
5
)
0.40 0.40 L]
+
0.35 »
-‘?o 30 2030 ’
3 3
=025 O 5 4
X1 0.20
0.20
X A g
0.15 A 0.10 A
' 107 10 107 10
runtime (s) runtime (s)
Movielens _ Enron
RE{RIEEHEA

3: fidelity & RTHFH

R 4: 7IL—23>YZX4T+1 (Movielens, Enron)

—@— QIEATGX (TGN) —A— QIEATGX+ (TGAT) QIEATGX+ (TGN)

0.22 0.20
0.20 /\
0.18
0.18
2016 2016
o4 @
2 To0.14
*0.12 = Y — "
0.10 " 0.12 /
-
0.08 e /
v 0.101
0.06
0.1 0.2 0.3 0.4 0.5 0.1 0.2 0.3 0.4 0.5
sparsity sparsity
Movielens - Enron
EREHA
"
0.45 0.45 //
0.40
0.40
2035 2
K} N @035
e - kel
So30 — | 2
= S of
0.30
0.25 —
0.20 / 0.25
0.1 0.2 0.3 0.4 0.5 0.1 0.2 0.3 0.4 0.5
sparsity sparsity
Movielens - Enron
RERAEEHEA

& 4: fidelity ¥ sparsity

FIDBA SR FAAERA
Movielens Enron Movielens Enron
TGAT TGN TGAT TGN | TGAT TGN TGAT TGN
QIEA-TGX | 0.181 0.199 0.087 0.130 | 0.414 0.348 0.256 0.419
ARGO ®% | 0.181 0.198 0.084 0.130 | 0.409 0.340 0.256  0.420
RO A | 0.182  0.199 0.087 0.130 | 0.416 0.348 0.256 0.419
QIEA-TGX+ | 0.185 0.199 0.088 0.131 | 0.413 0.349 0.258 0.424

£ 5: 7IL—>3aYX42T+ (Wikipedia, Reddit)

6 HbH DI

AW TIEZ TGNN OFAFETH 5 QIEA-TGX DX 54
LR ER L2 HE L, QIEA-TGX 2R L TARGO 12 &
BEIGHER ) TEFHRIC X 2 EREREL) O Z20HE
2B A LTk QIEA-TCX+ ZIRE L. EROMEER,
REFHERILERREOTHIBWT, BFEOR—25 4 VF

E=seyilii] S FARAER
Wikipedia Reddit Wikipedia Reddit
TGAT TGN TGAT TGN | TGAT TGN TGAT TGN
QIEA-TGX | 0.132 0.047 0.179 0.123 | 0.456 0.253 0.490 0.421
ARGO ®#& | 0.133 0.074 0.179 0.122 | 0.456 0.252 0.489 0.421
JAEER DA | 0132 0.075 0.179 0.123 | 0.465 0.256 0.496 0.429
QIEA-TGX+ | 0.134 0.075 0.180 0.122 | 0.465 0.256 0.497 0.430

HWLTLESHHREMD DB, Lzd - T, BFTBEREOHET
ARGO I & 2 BN ZMIET 20BN H 5. EFEKIZ, ARGO
D&, JRFHERD A TlE QIEA-TGX ¥ Lt T fidelity 23 L7
LBRWEETS, MTORMEEAT 22 I2XoT fidelity
MERTZRE =N ODIEET .

5.3.4 sparsity IC & % fidelity 21t

412, sparsity % 0.1, 0.2, 0.3, 0.4, 0.5 &b X g/ &
D fidelity #BZ2RT. L ALY DRE—>T QIEA-TGX+
X QIEA-TGX X b & fidelity 23 L TE D, sparsity
DI L TOBERFEL L SRS, HEFHICBT 2
Enron (TGAT) ® 2 J 7 Tl sparsity 23 L2332 & fidelity 5%
THRoTLE > TV, ZTAULEIRATRER A4 N> MBI
IODERT AR IR, KIEREBIITEON LR
72l EZLND.

H% LAl % SR 2R L 7.

2

A HBF92 13 ASPIRE JPMJAP2328 B X X JSPS Rl &
JP23K28096 DZIRIT & » TIThi7z.
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