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1 &R

HEE S 27 JF EC H A M RILEEE 2 ¥ TIAL
FHENTED., 22 THOMEILI—FRTA T
LE2EDL LWL ZTHTH2ZIETH D, &
PN TH RS BREINZHH 7 L&) >~
J1,2,31 8, T —RICEENDE 22—V, 74T
L, KGO 3 O 6 2 OXEBFREEE L, 12—
PRELRTOWRNT A4 T LAANDKIEE FHIEET
Wb, HiER QAT — 22 RWT 4 T L HE
B35 HHPRTH B TIINIET 5 74 T 4
KEERDOLNBVEDTFHNRTES, Zhida—
NREAZ—FEEE LTHISNTWAHEMTH S,

COREERIRT B 725, 74 T LIS 20
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i, BT — 2D —F7 4 7 L DD
IAAITHINZ., FBIER» HE 6N S TF X FRES
HPENIERTAZ 2T, 23—V FRAX— FHBEIZEL
DHATVWS, LL. EFEEREEZITS 29I
BHDRECED T —XPRBEL W RENDH B,
AR, KHIBEEEEE 71 (Large Language Model,
LLM) OEMiESNZFE L L, BT — 20372 T
HEFEERHEENRETH AN TED,
ZhWwza— L FR&X— MEEIZHICHIATY
% 09,10,11,12,13,14,15,16]c L2 L. ZHh 5D
FRIEHEERFRF O QX PR E VWS HED D 5,
ZIE, 1000 AD2—% & 100D 7 4 T L DRIE%E
TR 238556, LLMIC & 2 H#ERmLEE DY 10 /7 [ E
b AR & R RS0 5,

Here is user rating history for movie.
: Reverse prompt
## likes

- It's Complicated, Movies & TV, Movies, 3.0

& - Corpse Bride, Movies & TV, Science Fiction, Animation, 5.0
01 - Sherlock Holmes, Movies & TV, Mystery & Suspense, 4.0
ul
—p ## dislikes

- Beyond a Reasonable Doubt, Movies & TV, Movies, 2.0
- Into The Woods, Movies & TV, Musicals & Performing Arts, Musicals, 2.0
- The Final Cut, Movies & TV, Science Fiction, Futuristic, 2.0

Based on the above rating history, please provide around 5 characteristics
of the movie this user would like. Format your answer in JSON as shown
{"a movie that is xxx, xxx, xxx" - rating1, "a movie that is xxx, xxx, xxx" : rating2}

BN S
samples ‘_l LLM

uQ

1 | amovie that is adventure, family 40

=

u01 | amovie that is thriller, action, mystery 40
COId_Start u01 | a movie that is drama, romance 3.0
RecSys w01 | a movie that s histerical, war, epic 30

=

K1 ERTHETH 3 RevAug DHEE, KD —L KR
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EREE LR X M 2T 5 FETH % RevAug
PIRET 5, RevAug D7 —F 7 7 F v 1%, #ibE
WMEMALZaX PIROE T —L F XX~}
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% % Amazon Review Dataset & W 7= BUEEER 21T -
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ZADHEE S X T L L R LU THRAT 99.9 % D ULE
RERTZHIR L 720 205 DFERIZ. RETIEOBN
HEEILETZ2DDTH 5,

ARWEIE DN, IR % 2 ACM Recommender
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FuB7 AT LI L TEXKIGE, r,eRE
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p(ab)
p(a,b) + X0, p(a,by)

Z 2. p(a,b) :=exp(r—"(a,b)/|a|l|b]) & T 5,
B h IR (contrastive learning)  [20, 21] 12 H
KLU, a2 b2FELULTVEREHAELaREDD, ITH
HUL TWRWEEIC 3NS5,

®R1 PR
Heater [5] (Explicit) CLCRec [6] (Implicit)
lr(u,i) rui — £ 617 h(f., £, (£, 1))
La(i) [Wx; — z;]|* h(Vz;, £, {£; 3 )

h(a,b, {b,}\ ) = —log (1)

NS DEEEFE 1 ZHWT, Heater ¥ CLCRec
DIBREARIE. A DIAA DI ¢; ¥, fBIIE#R
BT 3825 0, ORI LTEBEENZY,
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2
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3%, Q) OEEIIZERNRE LM LxE 2
randomized training [5] ¥ L CHIS N 2 FEE@EH L.
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TIREAZN TR, 7L, VEEAMTIIERET S
¥ T CLCRec T2 Z AN TE 3, I I TlE CLCRec IT
MLUTH b hiziEr LTV E2HEHT %,

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



xp WETE %, X DEBEREf, = VWX,
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B, THEDEEY Y INLTHE I 2EEL, &
BT A=K B>0%EA L, RevAug DIEKEEH %
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gRevAug = gBase + ﬂIE(u,i’)EgiAug [fl(l/h l’)] . (3)

ZIZT. M R=RF X =& BDOFRESHTEITONT
AT 2, T, VA—LRX— b TF—&Z R EIIR
BB Ry EWEERS Ry KHEIT 2, RIT, Ry b
TRQ) ERIMETEZ2TRIX—% 05 155,
AR Ry L THEE R 27 score(Ryar; Op) ZFtHE
T2, 2ORATIE, PWRNTZ 4 — KN 7 DFE
1Z1& Mean Absolute Error (MAE) %, HEEAY 7 1+ — K
Ny 7 DA 21X normalized Documented Cumulative
Gain (nDCG) ZMWV3%, ®iKIC, BRI N A
IR=28F X =& ¥ LT B = argming score(Ryar; Op)
ZERHT 5%,

4 HWERER

RevAug DE M % MEE ¥ 2 BUBEEER 21T - 720
4.1 EERERTE

411 7=ty k

Amazon Review Dataset [22] »* ©. Movie, Music,
Book, Grocery D 4 D% fFH L7z, ZDF—&t v k
W2 —F O (15565 %FT) BEENTED,
CHNEHREZ 4 — RKXNw 7 UTHIH L7z, BEER
K17 4 — KNy 72058, 2—F OFHHEL LT
57 AT LIEITXRTE[ (r,y;=1) ELTH- T2
TA T LADHMERE LTRA ML A TITUDD
D. 747 57 %X b % “An item entitled with {title}
has {categories} tags.” & &iE L7z

BT =BV T 100D 7 4 7 %2R, Z
NoET7ATLEAETIE L TR ZOHDT A
TARKE LA 2E%R U 2 LTHEEL -,
Movie 7 — ZIZBH L Td 2 — P22 W72, 3000
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BV PR 6) P K ICEENET7A T L0 6RHEINS,

3) KT =Xty MBI LHERIE Appendix D 5 ITRT,
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4.1.2 HBFE

RevAug IZLLROFE e Hesg U 7z,

Baseline: 27—/l K A &% — MEETIXTHINZD ZD
Wi WS Zeh b, BRI Z 4 — PNy 7055
T 7 — X N OFHIE D FE %2 15 % Z & A,
BRI 7 4 — RN ZDEFEIET VB LT AT
LENMUPER DD NEE 2 eh, RIKRED
N—2F74 2 LTHEET %,

Base model: BH/RY 7 1+ — KN » 7 121X Heater %
BEERI 7 4 — FNw 27121% CLCRec 2§ %, &
N5 T — RILEIZ LD RevAug TH H, X (3) I2H
3 p=0I1CHYT B,

Ablation: LLM 12 X » THEK I /27— X DERME
ZHIS 2 72, BRI IERES LR T — X R4D
PUERR L, 28T %, BRI 7 4 — K
Ny 7 DBFE R = {(u, ', 5-r) | (u,i,7) € Raug)
L. BB 7 4 — RN 7 D5E1X LLM D341 ¥
NV LTHALETA TL2FENDE T A T A
ELTEHS % (Appendix DX 3),

ChatGPT: HH/RIY 7 4 — KN v Z7 O FHNCIE [15] T
SN TWE 7r > 7 1+ (Appendix DX 4) THE
iS5, A MOHET, BHEKZ7 4 —FNw 70
FHNIITD R o 720

RevAug D87 X — X I TFD X 5 W E L
7z k =100, d = 100, N = 5, ¢ = 0.1, @ = 1073,
A=1073,p =05 m=5, fMBTERD CHEDIA A
FH 121X SimCSE-RoBERTa-large [19] Z i H L 7=,
RevAug (& PyTorch [23] % A W T RAdam [24] 1T &
Dbt LEELE, 25D T X — R,
RevAug D X — X & 7 )L C & % Heater ¥ CLCRec
WHBEH L 7z NA =08 F X — X FHEETIZ,
R T |Rir| + |Ryarl =08:02 DELRTHEL, B
Z {107F | k =0,1,2,3,4} 25K L 7=, LLM 1
gpt-3.5-turbo-0125 Z i L 7zo LLM % H \ 7z
F— XYLIR TIE. few-shot ZE OB X R D=9,
WEa 703U EH 22— DAEY + — LR
RX—FTF—&E L7

4.2 TEEEsF(H

421 BRMI7Zs—FNvY

HFEDOMHE®R MAE & Baseline CFETH) 1250
T HUERTIME L7z R 2I1IT/RT £ 51T, RevAug
1% Music ZFR < $XRTDF—&X+t v b T ChatGPT,
Heater, Ablation % F[A] 5 72, Music IZ7FEHEH T % &.
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]2 MAE (/) ¥ Baseline ¥ LHE L 7-diER (£, % 3+
o HHITRD BN BEIZRFETRT,
Movie Music Book Grocery
Baseline 0.857 0.735 0.759 0.670
ChatGPT | 0.800 (6.7) 0.719 (2.2) 0.718 (5.3) 0.705 (-5.3)
Heater | 0.806 (5.9) 0.711(3.2) 0.775(-2.2) 0.655(2.2)
Ablation | 0.820 (4.3) 0.703 (4.4) 0.723 (4.7) 0.628 (6.1)
RevAug | 0.785 (8.3) 0.714(2.9) 0.708 (6.6) 0.626 (6.5)

#+3 nDCG@10 (£) ¢ Baseline ¥ iR L 7=t R (A,
L) ﬁﬁ—\‘) o %EJVC‘HE% #) {%h?’:ﬁ'fﬁcj‘xkifﬁj—o

‘ Movie Music Book Grocery

Baseline 0.067 0.067 0.059 0.058

CLCRec | 0.057 (-15.3) 0.085(26.0) 0.062(5.4) 0.019 (-67.0)
Ablation | 0.093 (39.5) 0.080(18.8) 0.078 (33.2) 0.054 (-7.4)
0.123 (83.8) 0.087 (29.8) 0.080 (36.0) 0.085 (46.9)

RevAug

RevAug lZMMDFE%Z LEI SR o7b DD, 2D
ZEIOITDLTHoT, TNHLOMRIF, HT v
7ML BT —RAEREE L T, RevAug 23HH/RAY
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2 ZeZRLTWA,
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FFEOMEREZ nDCG@10 & Baseline (7 ¥ & 4
Y — b)) KT 2 HERTHML 2o R3IWTRT
X912, RevAug lZ3 RTO7 -ty b THRED
AR ZIER L7z, Movie & Grocery Tl&, CLCRec D
WEHERP <A FRAERDFEFITRKLI—FT.
RevAug X KIEIcm EX ¥, Zhid, T —%
WKEDBEIT —RDOAREMA D Z 2R LT
%, ¥7z. Grocery IZ31F % Ablation D iE 3R DK
TE. T=2ILROMENEETH 5 Z & 2 S
BHMERE R 5Tz TIODHED S, RevAug 13
BEI T 4 — RNy 7BV THIa— L FRE—}
HEBCIR DD 5 Z e DR E iz,

4.3 X9

BRI, LLM ICBE S 24w R b 2G93 %,
-V ORHE L, FFIMEBETHEINS D,
RevAug DHEFR I ZA MEFI— L KRR X — 74 7 4
DRt OFTAE L. 1THIEBIC X 2 5 £ 72 1347 A
2a7 DT MDAZEL, —7F. ChatGPT I3 FH K
DARXNEREL LW, HEmEETteE—YE
T7ATLDORT ZTHT 5I12Ea X b E,

% 4 Tl. RevAug ¥ ChatGPT THHRIJZ 4 — K
Ny 7 OHEFRELFE I D B LI fE & RevAug @
7 — X YRR B S O MU 2 SRR L7z, 2T &

— 3284 —

R4 KR )

Movie Music Book Grocery
(F—&E5R) | 1596 413 337 111
RevAug
- 0.302 0.077 0.071 0.041
ChatGPT o 1570 366 377 191

% &, RevAug O #EGi R A 13 ChatGPT & LE#Z L T
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X LLM % 7 — XILER O AT 2729, LLM I
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Movie TR T 4 — R Nw 7 D 72812 3069 [H]
DHEFRDIRELTZ 5 7203 (R 5), BB 7 4 — RNy
ZDBEIZ 3000 100 DL—F 74 FLDERT
WX BRI L 72 B

Movie TOBHRII 7 4 — RNy 7 FTHIOH A,
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API DA ¥4 0.19 USD. ChatGPT % 0.24 USD
ThHhol BENT7 4 —F N 7 FTHDHA,
ChatGPT IFH— D/ T — &t v XL TH
24USD M k¥ 1.5x 100 # (#9 2.7 K¢fE) o a X b
MU o2y A—ILFRRAR—F 74 T LD
210 51238 2 72356, ChatGPT DOHEFRKREE & a 2
F% 10 % (240 USD 2 —F ¥ 27 K§f) v 743, —
Ji. RevAug lZiBAD APLAIEAY0.19 USD Z# X %
Z iz, #1600 W TEFHRLAIRETH 5, FL
®» 5 ¥, RevAug 3K A + TEfEE R HEGmH AT HE
TH 5,

5 Conclusion
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This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



BE Xk

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

Yehuda Koren, Robert M. Bell, and Chris Volinsky. Matrix
factorization techniques for recommender systems. Com-
puter, Vol. 42, No. &, pp. 30-37, 2009.

Steffen Rendle, Walid Krichene, Li Zhang, and John R.
Anderson. Neural collaborative filtering vs. matrix factor-
ization revisited. In RecSys, pp. 240-248. ACM, 2020.
Maurizio Ferrari Dacrema, Paolo Cremonesi, and Dietmar
Jannach. Are we really making much progress? A worry-
ing analysis of recent neural recommendation approaches.
In RecSys, pp. 101-109. ACM, 2019.

Maksims Volkovs, Guang Wei Yu, and Tomi Poutanen.
Dropoutnet: Addressing cold start in recommender sys-
tems. In NeurlPS, pp. 4957-4966, 2017.

Ziwei Zhu, Shahin Sefati, Parsa Saadatpanah, and James
Caverlee. Recommendation for new users and new items
via randomized training and mixture-of-experts transfor-
mation. In SIGIR, pp. 1121-1130. ACM, 2020.

Yinwei Wei, Xiang Wang, Qi Li, Ligiang Nie, Yan Li,
Xuanping Li, and Tat-Seng Chua. Contrastive learning for
cold-start recommendation. In ACM Multimedia, pp.
5382-5390. ACM, 2021.

Zhihui Zhou, Lilin Zhang, and Ning Yang. Contrastive
collaborative filtering for cold-start item recommendation.
In WWW, pp. 928-937. ACM, 2023.

Haoyue Bai, Min Hou, Le Wu, Yonghui Yang, Kun Zhang,
Richang Hong, and Meng Wang. Gorec: A generative
cold-start recommendation framework. In Multimedia,
pp. 1004-1012. ACM, 2023.

Likang Wu, Zhi Zheng, Zhaopeng Qiu, Hao Wang,
Hongchao Gu, Tingjia Shen, Chuan Qin, Chen Zhu, Heng-
shu Zhu, Qi Liu, Hui Xiong, and Enhong Chen. A survey
on large language models for recommendation. World
Wide Web (WWW), Vol. 27, No. 5, p. 60, 2024.
Yuhui Zhang, Hao Ding, Zeren Shui, Yifei Ma, James
Zou, Anoop Deoras, and Hao Wang. Language models as
recommender systems: Evaluations and limitations. In I
(Still) Can’t Believe It's Not Better! NeurlPS 2021
Workshop. OpenReview.net, 2021.

Yunfan Gao, Tao Sheng, Youlin Xiang, Yun Xiong, Haofen
Wang, and Jiawei Zhang. Chat-rec: Towards interac-
tive and explainable llms-augmented recommender sys-
tem. CoRR, Vol. abs/2303.14524, , 2023.

Xuansheng Wu, Huachi Zhou, Wenlin Yao, Xiao Huang,
and Ninghao Liu. Towards personalized cold-start recom-
mendation with prompts. CoRR, Vol. abs/2306.17256, ,
2023.

Yaochen Zhu, Liang Wu, Qi Guo, Liangjie Hong, and
Jundong Li. Collaborative large language model for rec-
ommender systems. In WWW, pp. 3162-3172. ACM,
2024.

Dairui Liu, Boming Yang, Honghui Du, Derek Greene,
Neil Hurley, Aonghus Lawlor, Ruihai Dong, and Irene Li.
Recprompt: A self-tuning prompting framework for news
recommendation using large language models. In CIKM,
pp- 3902-3906. ACM, 2024.

Junling Liu, Chao Liu, Renjie Lv, Kang Zhou, and Yan

[16]

(17]

[18]

[19]

(20]

(21]

(22]

(23]

(24]

— 3285 —

Zhang. Is chatgpt a good recommender? A prelim-
inary study. CIKM 2023 GenRec Workshop, Vol.
abs/2304.10149, , 2023.

Scott Sanner, Krisztian Balog, Filip Radlinski, Ben Wedin,
and Lucas Dixon. Large language models are competi-
tive near cold-start recommenders for language- and item-
based preferences. In RecSys, pp. 890-896. ACM, 2023.
Jianling Wang, Haokai Lu, James Caverlee, Ed H. Chi, and
Minmin Chen. Large language models as data augmenters
for cold-start item recommendation. In WWW, pp. 726—
729. ACM, 2024.

Genki Kusano. Data augmentation using reverse prompt
for cost-efficient cold-start recommendation. In RecSys,
pp- 861-865. ACM, 2024.

Tianyu Gao, Xingcheng Yao, and Dangi Chen. Simcse:
Simple contrastive learning of sentence embeddings. In
EMNLP (1), pp. 6894-6910. ACM, 2021.

Ting Chen, Simon Kornblith, Mohammad Norouzi, and
Geoftrey E. Hinton. A simple framework for contrastive
learning of visual representations. In ICML, Vol. 119
of Proceedings of Machine Learning Research, pp.
1597-1607. PMLR, 2020.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna,
Yonglong Tian, Phillip Isola, Aaron Maschinot, Ce Liu,
and Dilip Krishnan. Supervised contrastive learning. In
NeurlPS, 2020.

Jianmo Ni, Jiacheng Li, and Julian J. McAuley. Justifying
recommendations using distantly-labeled reviews and fine-
grained aspects. In EMNLP /1IJCNLP (1), pp. 188-197.
ACM, 2019.

Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer,
James Bradbury, Gregory Chanan, Trevor Killeen, Zeming
Lin, Natalia Gimelshein, Luca Antiga, Alban Desmaison,
Andreas Kopf, Edward Z. Yang, Zachary DeVito, Mar-
tin Raison, Alykhan Tejani, Sasank Chilamkurthy, Benoit
Steiner, Lu Fang, Junjie Bai, and Soumith Chintala. Py-
torch: An imperative style, high-performance deep learn-
ing library. In NeurlPS, pp. 8024-8035, 2019.

Liyuan Liu, Haoming Jiang, Pengcheng He, Weizhu Chen,
Xiaodong Liu, Jianfeng Gao, and Jiawei Han. On the
variance of the adaptive learning rate and beyond. In ICLR.
OpenReview.net, 2020.

This work is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



£5 T Xty MEr
Movie Music Book Grocery
a—% 3000 573 1591 570
Lva— R @I 6212 1250 2829 1024
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Input

Here is user rating history for movie

#i# likes

- It's Complicated, Movies & TV, Movies, 3.0

- Corpse Bride, Movies & TV, Science Fiction, Animation, 5.0
- Sherlock Holmes, Movies & TV, Mystery & Suspense, 4.0

# dislikes

- Beyond a Reasonable Doubt, Movies & TV, Movies, 2.0

- Into The Woods, Movies & TV, Musicals & Performing Arts, Musicals, 2.0
- The Final Cut, Movies & TV, Science Fiction, Futuristic, 2.0

Based on above rating history, please provide around 5 characteristics of movie
this user would likely like. Format your answer in JSON as shown:
{"a movie that is o, xxx, 3" : rating1, "a movie that is xxx, 3o, xxx" : rating2}

Output

"a movie that is animated, adventure, family" : 4.0,
"a movie that is thriller, action, mystery" : 4.0,

"a movie that is drama, romance, comedy” - 3.0,
"a movie that is historical, war, epic" : 3.0

i

B 2 RevAug DFARIIZ 4 — R Nw 7203 % Sa v
)

Here is user transaction for movie.

## seen

- It's Complicated, Movies & TV, Movies, 5.0

- Corpse Bride, Movies & TV, Science Fiction, Animation, 5.0
- Sherlock Holmes, Movies & TV, Mystery & Suspense, 5.0

## unseen

- Beyond a Reasonable Doubt, Movies & TV, Movies, 1.0

- Into The Woods, Movies & TV, Musicals & Performing Arts, Musicals, 1.0
- The Final Cut, Movies & TV, Science Fiction, Futuristic, 1.0

Based on above rating history, please provide around 5 characteristics of movie
this user would likely like. Format your answer in JSON as shown:
{"a movie that is xxx, xxx, xxx" : 5.0, "a movie that is xxx, xxx, xxx" : 5.0}.
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Here is user rating history for movie

## likes

- It's Complicated, Movies & TV, Movies, 3.0

- Corpse Bride, Movies & TV, Science Fiction, Animation, 5.0
- Sherlock Holmes, Movies & TV, Mystery & Suspense, 4.0

## dislikes

- Beyond a Reasonable Doubt, Movies & TV, Movies, 2.0

- Into The Woods, Movies & TV, Musicals & Performing Arts, Musicals, 2.0
- The Final Cut, Movies & TV, Science Fiction, Futuristic, 2.0

Based on above rating history, please predict user's rating for the product:
Marvel's: The Avengers, Movies & TV, Movies

(Ratings range from 1.0 (lowest) to 5.0 (highest), the output should be like rating
value only, do not explain the reason.)
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