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ZEAL, SIHIX N 2MADOD F XA ViHlIEE
175. 51T, PR Xt a—AME L WS FFENE
o2 ANEMEINCIZ % 7=, SBERT IZ 2
% D LoRA adapter % # 3 % Dual Adapter 7 —
XTI F XY ERATS. BEMEa - AWME T —
KX MW EBRTE, $EREIGHEEE SBERT 5 £
¥ Shared Adapter LoRA & D Wi &R Z/R L, Full
Fine-tuning {2 \WEREZ DRV EAE B TEMR L /2.
F—1—F: Bl EH#EE, #HEE > X 7 L, Sentence-BERT,
LoRA, Parameter-Efficient Fine-Tuning

1 FC®IC

¥ERENFBHOHEHIKSLHEICE S BE - HE R
ERZ L ZEETHDZ—H, HEGRE VIR
TIERABEOHEEI#HL L, IRy FOELR
TV, ZZTAHEIEF, ¥EEDOPRX LA —2R
MEZ 7% 2 b LTHRY, BEREMEICHES
WTHEE T 2 FIEZEE T 5. SBERTICK D7
FRAMZHODAARBANZEL, LoRAIZ K2 %)
H Fine-tuning THRZENHE F X 4 Y NHEILSE 5.
Ko, PR a—2AWEOXKREZERL, AT
fR Z & 12N U 72 LoRA adapter % i F 3 % Dual
Adapter *E AT 5.

2 PBEEA3E

ARIFGEE, () 23— AHEBICBI 2 EBEHA~ Y F ¥
7, () BBAT— 7 R VX —BXUHIEEEL
T2HERE, (i) ST X =X ZNBDORVETIVHEILD I
RIMHEMT NS,
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2.1 ERFEDPSEHHNTYFIA

HIFAD a — 2 HEE I HFE 7 4 L2 Y V7 [19] %2
VT UYNR=Z [T BHLTH o 7203, HE R XA
YTEa— L FRX— MBS T — 2 DX =21
W& D HREARME T L3 W [19], [17], [16]. TR,
CIONRARFEAETOT 4 — LR EDT XA b FERE
25 728, Transformer \— A DETIFFZEFABITL T
W3 [8]. & Dl SBERT [18] X DIAAE N L
T, EEHETR Y o0 — ZGRO BRI EELUE 2 3%
FNCEHE T, Rt L 125 [12].

22 VWILFRT—IVFRILE—6LUVHK

R—2DHEE

FEEREDa — 2EIRE, 2EDELE T TR
<, FiREHSEMEM L ¥ D Hard 2 HlH712 X
IR X3 [6], [7]. F7- MSRS I, FlEDH%
DEBYEELRRICHE 2 FET T2 MATH
D [11, 121, 3], BEXHRTIEEECMZTHE - K
FHRT—IFRIVE =275 [5],[11],[22]. —H T,
HEOHEYFELER D H &\ o 1R IEE {0 F)
72 Soft 72l % (R RANICH D AT R A FIEZ+
TR, ARPSEE, fRALERLEG 2 IRIICE T
ME - AT 22 TZOFEIIHILT 3.

23 LoRAICEBNTA—APEDRL

Fine-tuning

KB HEHAFEEHETALE XLV F—&XT
Fine-tuning § % Z & 1A RN7Z23 [18], [20], [21], Full
Fine-tuning & 1 & & JH @ & H A3 K = W [10], [13].
PEFT [9] DK TH % LoRA [10] 1%, JTCOEAZH
WUIKRS Y 2 1790A ¥ ET 58T, #EER
Mz OOMEEEHFFTE 5. LoRA ZHEESEHTH
FRLLM Oy —7 vy AfEETHWOR TNV
3 [4], [15], [14], ABAZEIE SBERT 12 & 2 BK~< »
F 7% LoRA THIERANHEIGL, XHICPRLE
I — AL D A SRR D7 %K S 72 91T Adapter &
DEES 2 RICHTHRED B 5.
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K1 EFAREKO7—FT7F %

3 F&E

AETIE, ¥EHEOPRIL L a -2z AW
T, xR F IR IhTza—RE2HET S
ETNVOWEFEEZARN L. $E2LFIEIX Sentence-
BERT [18] 25D %, Low-Rank Adaptation (LoRA)
% P72 312 1072 Fine-tuning 2R & 3 5.
RETIME AT LODEERT —FT7 7 F v 2K
LIRS, KRR T L, ¥EE KB BXU
EHHEE (LA OWAD»LSDTF AN AN EZITAF
¥, SBERT ZHWTARZ MEREFEALHT .
BRIk, nFBEO7O071—J)L (PRX)
Q)MED—ABEN,N 5725 7 F X b 3%, SBERT
ETFLTUMT 5. ZDE T ILIiE Dual Adapter 7 —
X7 7F ¥ RWAL, MIL7% LoRA Adapter % % 7
FRMEFNSEHAT A28 T, ZREND KX A ¥
EIEREZ RN E T 5.

3.1 EEEO710—)LORY MILLE

HBEDANT —RTHB PR X, FHEEL
Bk *RIFERTFAINTHS. ZOTFA L E
HAT2EE B A SBERT E7/LICA NI L, PR XDREY
AR Z AR L TR e it S 5.

K2, XEERDOEKRER —XT MAANENT 7
%, Pooling (AHf%¢TlE Mean-pooling) %A 3 5.
ZAUT LD, PR SUTERIIFHEZ R L 72 768 X
TCDEERERYZ Ly 2 LTREINE., ZDEE
Wi, FEEDORLRBRAZA NP a7 ¥ AD¥EIC
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b L 7= LoRA Adapter 23fHAA EN 5.
3.2 J—RFEdDONRT RLLE

a—2|F—XTH 2 a— i 7F 2 b bR
DFINETRZ v bs 3. a— 2RI EFHRE
RHNEEREZ L&A, FHET 07 4 — L IR
%5 SRR HE T 5.

ZD7=%, a—AFh T F A ME, D SBERT
ETFTMCASIENG FEEHET LV EEATEE
I 503, A7 LoRA Adapter ZH§D). FEE S n
7 4 =)L E[ARRIC, BERT IC & 2 R ¥ Pooling
BRETC, a—RFd% 768 KILRZ by NEHLT
5. ZOETIMICH, ¥ INRFFEOXRICHEIGT
% Al LoRA Adapter Z 1 X 5.

3.3 HENI MLOBEE

KIiZ, #EEL - WS 20D RZBT XA
Y =2l ohiRy M AEHEL, mEOM
RERTREANRT PVEERT 5. BRI, DL
TD3DODRT MLEFEET 5.

RN FEETm 7 4 — A BERII

72 768 RITXZ b L.

e N MILv: a—Ridlbh ER S 7z 768 K
TR hL.

CEDRIT NI ju—v|u kv DERTI L DOt 7E
MPHELNERTZ MLTHD, 220DFF A b
[ D BRI EERE 2 B RANIC 5 2. 5.

INH3DDRT MLEFEET S LT, LDE
WMEDOZVHE—DRHEANT ML 21§ 5.

3.4 FFNNICKBETFILES

AT CIER L 2GR 2 vk, RETHERR
T3 % Feed-Forward Neural Network (FENN) 12 A}
3 5. FENN X, PR X & 2 — AR DITTDORT HE
RANIZIE S (label: 1) 22 G (label: 0) 2% fE
THEIFHINS.

FEIX, EMRSEA EIENEAEN G L
T ETF—REy VERAWVWS. ZOHKH D
B, FRZ P AcBII 28 LTHoET
RERX—VB2EET 5.

3.5 ZEMEFTE & R

EBTFVEBE, HEEMEE B RS B #EER T 2 b
2179, 7AMTE, FEIHOTWARWPR Xk
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TUMIE - TR HEER AT EE M TS, Z
DRAFTIEDIZa—-R2REIHIZIIRS Z T, %
BEOELBICEH T 2HEY X s 24ENT 5. ER
OFER, NMTZo =7 D7dDEF 2V 7 1 Kl
MRA 27 09997 T I fICHEE XN, ET AN
BEEEL T\ B Z e RIB X Nz,

4 3ER

4.1 BH

AREEDHMIX, 223 % LoRA-SBERT (Dual
Adapter) €7V OFENMEZ CFEINIHREES 52 Z & T
5. BERNIE, UMTD2 SZ2BHL2ICT 5.

1. LoORA NX— X @ Fine-tuning DEXNE: LoRA %
W % 8 & 77 Fine-tuning 23, £ %2 E#H T %
Full Fine-tuning & [Fl%% % 7213 & L DL L O HEFE#E
EZERTZ 0%, dtEaX MIROBA L
e THGEES 5.

2. Dual Adapter 7 —F 77 F v QEAY: FEE
LR (2 —REHE) OTFF A M RFXAL I
*f L CTHRAZ 72 Adapter (Dual Adapter) % jE 3 %
Z A3, H— Adapter ZHH T 2 HEITHEART
BER EANTFET202HET 5.

ML, FERFHMEEEE VT, X=X 4
VBIUHKETLVEREETLVOMRER LK T %

e

ZETITS.
42 FT—Rtv DM

SERIC1E, Hitachi, Ltd. Academy! A3EAt3 3 (3%
We7u 7o r0a—-2WEZET -2 2w, 7—
Rty ME, FEHEDPR L a— BT F A b
DRT7 P HHER IS,

¥EEPR UL, FREOWHED 72) (Bl EFa
V74, v h7—2) WZBELEEOEEE 2EE
L, ChatGPT % H W\ TR D EH H#H D SR %2 15
L OoDOZMRRI L7225 X5 EINTER L 7.
a— R T F A MiE, EEEWeb A FHSIEL
7 EBEDa—2AMETH 5.

1) https://www.hitachi-ac.co.jp/
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BT FRAIRTIZEF2MEIANLENNEG L. BiR
HIciE, PRYXDOATITY e a— Rk h T3V
N T 255 % HEE (abel: 1), BH S 2 ICHERE R
RGERAES (label: 0) ¥ L7z,

43 EEBRETI

RRFROGNE 2T 270, L D4 €T

N7 LR L 72

SBERT (Base) Fine-tuning 7% L CTH W\ % Hili#H
% & E 7 )L (sonoisa/sentence-bert-base-ja-
mean-tokens-v2). AREBRDORX— X 5 4 T
H5.

Full Fine-tuned SBERT Transformer 7' 1 v 27 [N D
BRIRX =R EBFUON—AETNENRE T —X
4+ v b T Fine-tuning L7=E7 LV TH 5. Him b
OMRE LR ZRT Z e fF a2 —7, R
AXMELBEHR VRIS DH 5.

LoRA-SBERT (Shared Adapter)
Bi— LoRA Adapter Z X—ZXETNAANFHFAL,
FEE W7 ¥ X MU TEAEREAET 5 E
T TH 5. LoRA DERENEZRET 2
7o DITHWS.

LoRA-SBERT (Dual Adapter)
REFETDHS. FEHE AL B ROGHEM R
X 4 > @ SBERT 217 7% LoRA Adapter % i A
L, Z020d B X A4 VEERE RN E
TZ5L51275%.

4.4 FHEERE
4T @D Fine-tuning FEFET, LIFTD AN =085
A — & e aEic vz,
* Base Model:
mean-tokens-v2
e Optimizer: AdamW
* Learning Rate: 2¢-5
 Batch Size: 32
* Epochs: 4
* LoRA Rank: 8
* LoRA Alpha: 16

sonoisa/sentence-bert-base-ja-

4.5 FHEIEIE
ETVOMEREE,
B & D FFHii L 7.
e Accuracy: A VARV ADIBIEL K X

DR A7 TR LN DTE
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xR1 ETLOMEREHE
Model Acc. Prec. Rec. F1 Time [s]
SBERT (Base) 0.2937 0.1835 0.9248 0.3063 N/A
Full Fine-tuned 0.9669 0.8942 0.9118 0.9029 230
LoRA (Shared) 0.9537 0.8801 0.8399 0.8595 179
LoRA (Dual)  0.9603 0.9179 0.8399 0.8771 179
* LoRA (Shared): Shared Adapter
* LoRA (Dual): Dual Adapter (2R FE)

nzHE.

s Precision: & (IEf) & FHIENTzbDDS
BLEICHETH - 12515,

* Recall: EfFDEHET —XD 5> HIEL L AES
nzHE.

* F1-Score: Precision ¥ Recall DFfFIFETH D,
PRED NS > 2 %7 5.

5 RBRCERE

7L OV RAGFR & 2 RO M

5.1 E=RIFEE

TAMNT—=RIZBI2MREZ R 1 1ITRT.

SBERT (Base) & F1 fEAMK <, Recall 25@WV—7
T Precision MEWZ 205, ZL2EE L THIT S
AR RSNz, D), RRAZTIERXA >
[& 4 @ Fine-tuning 23~ AJ RT3 %. LoRA (Shared)
¥ LoRA (Dual) {Z Full Fine-tuning {Z3T\ F1 {E % #EHF
L0 8RR %2 5ME L7z, X 51 LoRA (Dual) 1
LoRA (Shared) & D FI fi ¥ Precision 23 £, PR X
& a— RGN T Adapter % 7783 % aXEH AN E G T HI
DIEFEER LICHFE LIz EZALNS.

5.2 MRS

¥ a2V 7 1 BHE®D PR SXIIH L, SBERT (Base)
MR R 2 — X% L& T —7, Fine-tuning
BAETVIIEE T — X% FAOICHEE L. R
LoRA (Dual) [3RiAD MT oy =7DkdDt
XaV T4 B O XS hEELHEERL, &
BG5S D Precision [A] F ¥ B &L 7-.

53 E8

M EXD, LoRA IZ X % SBERT @ Fine-tuning &
REFBICBIIZa—RHETHISTH D, M
CEMEEOMIICHFS T 5. F 72 LoRA (Dual) 1
LoRA (Shared) % F1 fH ¥ Precision T_LEE D, iRk
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BT EE

AR IS 7L AR v =7 Y >
TOXEEZIIT2bDTH 5.

BE X

[1] Himan Abdollahpouri, Gediminas Adomavicius, Robin
Burke, Ido Guy, Dietmar Jannach, Toshihiro Kamishima,
Jan Krasnodebski, and Luiz Pizzato. Multistakeholder
recommendation: Survey and research directions. User
Modeling and User-Adapted Interaction, 30(1):127-
158, March 2020.

[2] Himan Abdollahpouri and Robin Burke. Multistake-
holder recommender systems. In F. Ricci, L. Rokach,
and B. Shapira, editors, Recommender Systems Hand-
book, pages 647-677. Springer, New York, NY, USA, 3rd
edition, 2022.

[3] Himan Abdollahpouri, Robin Burke, and Bamshad
Mobasher. Controlling popularity bias in learning-to-rank
recommendation. In Proc. 11th ACM Conf. Recom-
mender Systems (RecSys '17), pages 42-46, August
2017.

[4] Keqin Bao, Jizhi Zhang, Yang Zhang, Wenjie Wang, Fuli
Feng, and Xiangnan He. TALLRec: An effective and effi-
cient tuning framework to align large language model with
recommendation. In Proc. 17th ACM Conf. Recom-
mender Systems (RecSys), pages 1007-1014, Septem-
ber 2023.

[5] Robin Burke and Himan Abdollahpouri. Educa-
tional recommendation with multiple stakeholders. In
Proc. IEEE/WIC/ACM Int. Conf. Web Intelligence
Workshops (WIW), pages 62-63, October 2016.

[6] Hana BydZovskd. Course enrollment recommender sys-
tem. In Proc. 9th Int. Conf. Educational Data Min-
ing (EDM 2016), pages 312-317, June 2016.

[7] Abderrahim Chanaa and Noureddine El Faddouli.
Prerequisites-based course recommendation: recommend-
ing learning objects using concept prerequisites and meta-
data matching. Smart Learning Environments, 11(6),

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

2024. DOTI: 10.1186/340561-024-00301-0.

Hussien A. Mohamed Hassan, Giuseppe Sansonetti,
Fabio Gasparetti, Alessandro Micarelli, and Joeran Beel.
BERT, ELMo, USE and InferSent sentence encoders:
The panacea for research-paper recommendation?  In
Proc. ACM RecSys 2019 Late-breaking Results co-
located with 13th ACM Conf. Recommender Sys-
tems (RecSys 2019), volume 2431, pages 6-10, Septem-
ber 2019.

Neil Houlsby, Andrei Giurgiu, Stanislaw Jastrzebski,
Bruna Morrone, Quentin De Laroussilhe, Andrea Ges-
mundo, Mona Attariyan, and Sylvain Gelly. Parameter-
efficient transfer learning for NLP. In Proc. 36th Int.
Conf. Machine Learning (ICML), volume 97, pages
2790-2799, June 2019.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-
Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and Weizhu
Chen. LoRA: Low-rank adaptation of large language mod-
els. In Proc. 10th Int. Conf. Learning Representa-
tions (ICLR), April 2022.

Dietmar Jannach and Gediminas Adomavicius. Rec-
In Proc. 10th ACM
Conf. Recommender Systems (RecSys), pages 7-10,
September 2016.

Betren Juarto and Abba Suganda Girsang. Neural collabo-
rative with Sentence BERT for news recommender system.
JOIV: Int. J. Informatics Visualization, 5(4):282-287,
2021.

Josip Juki¢ and Jan énajder, Parameter-efficient language
model tuning with active learning in low-resource settings.
In Proc. 2023 Conf. Empirical Methods in Natural
Language Processing (EMNLP), pages 5061-5074,
December 2023.

Xiangyang Kong, Jiancan Wu, An Zhang, Leqi Sheng,
Hongyu Lin, Xiang Wang, and Xiangnan He. Customizing
language models with instance-wise LoRA for sequential
recommendation, 2024. https://arxiv.org/abs/2408.
10159.

Jiayi Liao, Sihang Li, Zhen Yang, Jiancan Wu, Yancheng
Yuan, Xiang Wang, and Xiangnan He. LLaRA: Large
language-recommendation assistant. In Proc. 47th Int.
ACM SIGIR Conf. Research and Development in
Information retrieval (SIGIR), pages 1785-1795, July
2024.

Aditya Parameswaran, Hector Garcia-Molina, Hyunjung
Park, Neoklis Polyzotis, and Jennifer Widom. CourseR-
ank: A system for collaboratively ranking courses. In
Proc. 2010 ACM SIGMOD Int. Conf. Management
of Data, pages 1183-1186, June 2010.

Michael J. Pazzani and Daniel Billsus. Content-Based Rec-
ommendation Systems. In The Adaptive Web: Meth-
ods and Strategies of Web Personalization, volume
4321 of Lecture Notes in Computer Science, pages
325-341. Springer, Berlin, Germany, 2007.

Nils Reimers and Iryna Gurevych. Sentence-BERT: Sen-
tence embeddings using siamese BERT-networks. In
Proc. 2019 Conf. Empirical Methods in Natural
Language Processing and 9th Int. Joint Conf. Nat-
ural Language Processing (EMNLP-IJCNLP), pages

ommendations with a purpose.

[19]

[20]

(21]

(22]

— 2746 —

3982-3992, November 2019.

Paul Resnick, Neophytos Iacovou, Mushon Suchak, Peter
Bergstrom, and John Riedl. GroupLens: An open ar-
chitecture for collaborative filtering of netnews. In Proc.
1994 ACM Conf. Computer Supported Cooperative
Work (CSCW ’'94), pages 175-186, October 1994.
Kexin Wang, Nils Reimers, and Iryna Gurevych. TS-
DAE: Using transformer-based sequential denoising auto-
encoder for unsupervised sentence embedding learning.
In Findings of the Association for Computational
Linguistics: EMNLP 2021, pages 671-688, November
2021.

Kexin Wang, Nandan Thakur, Nils Reimers, and Iryna
Gurevych. GPL: Generative pseudo labeling for unsuper-
vised domain adaptation of dense retrieval. In Proc. 2022
Conf. North American Chapter of the Association
for Computational Linguistics: Human Language
Technology (NAACL), pages 2345-2360, July 2022.
Yong Zheng. Multi-stakeholder personalized learning
with preference corrections. In Proc. 18th IEEE Int.
Conf. Advanced Learning Technologies (ICALT),
pages 108-110, July 2018.

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



