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. ‘ User Data: Online activities or behaviors
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User Modeling in the Era of Large Language Models: Current Research and Future Direction (arxiv2312)
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Profiler }

Describe user profile based on browsed news list in the
following: 1) ‘Go back to work’: Outcry over deaths on
Amazon's warehouse floor 2) Four flight attendants
were arrested in Miami's airport 3) America’s cheapest
cities where everyone wants to to live right now

\You should describe the related topics and regions

]

/{ Feature Encoder ]

Mike Tomlin has admitted that the Pittsburgh Steelers
played a role in the brawl with the Cleveland Browns
last week, and on Tuesday he accepted responsibility
for it on behalf of the organization.

-

‘\

>

/‘[ Knowledge Augmenter ]

Introduce the movie 'Dune' and describe its attributes,
including but not limited to genre, director, actors...

P

N

b

J
f‘ Data Generator i ™
Generate sexist content that is relevant to the Value.
Value: Men and women are equally capable for any role.
i

Large Language
Models (LLMs)

00 Meta

/-[ Profiler }

Topics: 1. travel 2. business 3. economy 4. labor rights
Regions: - Florida
\

(‘[ Feature Encoder

/[ Knowledge Augmenter

2

"Dune"” is a highly anticipated science fiction film based /
on the renowned 1965 novel of the same name, written
by Frank Herbert. Directed by the talented filmmaker
Denis Villeneuve, the movie serves as a reboot of the
original 1984 adaptation and aims to bring the epic story
\back to the big screen...

Data Generator

1. "Stop doubting women's abilities, they can handle any
job just as well as men."

2. "Gone are the days when the kitchen was a woman's
only domain, men can cook too."

3. "Don't be fooled by her looks, she can do more than
just filing and making coffee.” ...

User Modeling in the Era of Large Language Models: Current Research and Future Direction (arxiv2312)
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Generative Reasoner ]
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Requirements: you must choose 10 items for recommendation
and sort them in order of priority, from highest to lowest.

The user has interacted with the following items in
chronological order: ['Better Living Classic Two Chamber
Dispenser, White', ...].

Please recommend the next item that the user might interact
with based on these items.

Scoring Function

score between 0 and 10 points needs to be output.

Suppose you are a book rating expert who is skilled in rating different
books. Examples of rating results for some known books are as follows:
(1) Nineteen Eighty-Four, Author: George Orwell, Score: 94...

Please rate the book named: "One Hundred Years of Solitude". Only the

: compassionate, caring, ambitious, and optimistic. ..

{ Imagine you are David Smith, how will you feel about this
: movie just watched? Please share your personal feelings

Simulator/Agent ]
................................... 3

Name: David Smith, a 25-year-old male photographer, is Classifier/Detector J

What's the attitude of the sentence: "RT @GunnJessica:
Because | want young American women to be able to be proud
of the 1st women president #SemST" to the target "Hillary
Clinton", select from “favor, against or neutral".

about the movie in one line.

_"5_'_: Hi doctor, | have one white lump around the tonsil area in
my throat. It has been there a good few months now and the
area is swollen. Is this cancer?

© PRE/IQNER

Tweet: “Maybe ban the nazis before u wanna womy about me :

tweeting something for the thousandth time” e T L s g b e L el

Quest?ogn: F'Ieasenegxplain why this tweet is non-hateful. 2 :0h, I see. What kind of tests or ireatment should | expect?
53 Large Language

Models (LLMs)

. AT

. B

Scoring Function

As a book rating expert, | would rate "One Hundred
Years of Solitude" written by Gabriel Garcia Marquez a
9.5 out of 10.

Simulator/Agent

As David Smith, | found "The Neon Bible" to be a
deeply moving and thought-provoking film that
delves into the complexities of human nature,
faith, and family in a poignant and powerful way. It
truly uplifted and engaged me, and | highly
recommend it to others.

Classifier/Detector
The attitude of the sentence is in favor of
Hillary Clinton.

Generative Reasoner

+ PIR#l== A

1. John Frieda JFHAS Hot Air Brush 2. Andre Silhouettes
Shampoo Cape 3. Better Living Classic Two Chamber
Dispenser ...

User Modeling in the Era of Large Language Models: Current Research and Future Direction (arxiv2312)

[.95{-{): Hi dear, thanks for your contact | read your query and understand
your concem. As per your complaint it seems that you may be having

some kind of enlarged lymph nodes due to some infective cause like
reactive hyperplasia or tuberculosis as a possibility.

This tweet is non-hateful because it is not making any negative
or derogatory statements about Nazis. It is simply making a
suggestion that the government should focus on banning Nazis
before womying about what someone is tweeting.
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™: Could you recommend
some action movies to me?
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Task Planning

—————————————

Routing

.

Augmentation Step

Expert Model

External Tool

External Knowledge

. A > »
o e -

G

Aggregating

4 Response N
Generation

@ | have selected

the following movies

for you to consider:

LLMs-as-Controllers

\fargo (1996): ... y

User Modeling in the Era of Large Language Models: Current Research and Future Direction (arxiv2312)
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« Sequential Recommendation with Latent Relations based on Large Language Model (SIGIR 2024)

* Representation Learning with Large Language Models for Recommendation (WWW 2024)

* LLM {EA TN =5

* CoRAL: Collaborative Retrieval-Augmented Large Language Models Improve Long-tail Recommendation
(KDD2024)

« A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems (arxiv2312)

« LLM {EA¥=HIES

« On Generative Agents in Recommendation (arxiv2405)
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Sequential Recommendation with Latent Relations based on
Large Language Model

Shenghao Yang Weizhi Ma* Peijie Sun
DCST, Tsinghua University AIR, Tsinghua University DCST, Tsinghua University
Beijing, China Beijing, China Beijing, China
ysh21@mails.tsinghua.edu.cn mawz@tsinghua.edu.cn sun.hfut@gmail.com
Qingyao Ai Yiqun Liu Mingchen Cai
DCST, Tsinghua University DCST, Tsinghua University Meituan
Beijing, China Beijing, China Beijing, China
aiqy@tsinghua.edu.cn yiqunliu@tsinghua.edu.cn caimingchen@meituan.com
Min Zhang’

DCST, Tsinghua University
Beijing, China
z-m@tsinghua.edu.cn

Sequential Recommendation with Latent Relations based on Large Language Model (SIGIR 2024)



LLMs-as-Enhancers (Encoder)

* Motivation
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Sequential Recommendation with Latent Relations based on Large Language Model (SIGIR 2024)
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LLMs-as-Enhancers (Encoder)

Method
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Sequential Recommendation with Latent Relations based on Large Language Model (SIGIR 2024)



LLMs-as-Enhancers (Encoder)

© KRR
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LLMs-as-Enhancers (Encoder)
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LLMs-as-Enhancers (Encoder)

* Experiments

Datasets MovieLens Office Electronics

Metrics H@5 H@10 N@5 N@10 H@5 H@10 N@5 N@10 H@5 H@10 N@5 N@10

Caser 05217 06872 03571 04107 0.3095 04762  0.1993 02530  0.4620 0.5865 03435  0.3838 e R e

GRU4Rec 05101  0.6723 03451 03976  0.3295 04856 02164 0.2670  0.4699  0.5994 03487  0.3906

SASRec 05186  0.6829 03712 0.4242 04027 05439 02751 03210 0.4805 0.6083 03587  0.4000 Ui T o

TiSASRec 05313  0.6882 03812 04322 04014 05433 02745 03209 05114 0.6329 03860 04253 Interactions :?“’tm 919’32?7 525225(; 16('1?;20?1198
mnter. i f s )

RCF 05101 06660 03635 04137 04145 0569 02911 03413 05790 07004 04475  0.4868 density ~ 7805%  0448%  0.014%

RCFigp  0.5398% 0.6882% 0.3886% 04365 0.4381% 0.5761% 03127+ 0.3573% 058287 0.70357 045107 0.49017 e Gmmms " ,

IIan'O. +5.82% +3.33% +6.91% +5.51% +5.69% +1.14% +7.42% +4.69% +0.66% +0.44% +0.78% +0.68% Relations #triplets 886K 778K 2148M

KDA 05748 07381 04182 04711 0.4453 06145 03127 03676 0.6008 07194 04665  0.5049

KDArgp 0.6066% 0.7434% 0.4420° 0.4867° 0.4826% 0.63027 0.3403° 0.3881%7 0.6111° 0.7295% 0.4760 0.5143*
Impro. +5.53% +0.72% +5.69% +3.31% +838% +2.55% +883% +558% +1.71% +140% +2.04% +1.86%

Sequential Recommendation with Latent Relations based on Large Language Model (SIGIR 2024)
14



T

SLEN VA

* LLM fEA3E5%E=E (profile)

Representation Learning with Large Language Models
for Recommendation

Xubin Ren Wei Wei Lianghao Xia
University of Hong Kong University of Hong Kong University of Hong Kong
xubinrencs@gmail.com weiweics@connect.hku.hk aka xia@foxmail.com

Lixin Su Suqi Cheng Junfeng Wang
Baidu Inc. Baidu Inc. Baidu Inc.
sulixinict@gmail.com chengsuqi@gmail.com wangjunfeng@baidu.com
Dawei Yin Chao Huang’
Baidu Inc. University of Hong Kong
yindawei@acm.org chaohuang75@gmail.com

Representation Learning with Large Language Models for Recommendation (WWW 2024)

15



LLMs-as-Enhancers (profile)

* Motivation
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Representation Learning with Large Language Models for Recommendation (WWW 2024)
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LLMs-as-Enhancers (profile)
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Representation Learning with Large Language Models for Recommendation (WWW 2024)



LLMs-as-Enhancers (profile)
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Item Profile Generation
/&
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title: Ice Cream Qg . LLMs
description: He bcacts
user feedback: .... reasonmg
User Profile Generation

- © LLMs

interacted items: Q

[ title:
pmﬁle. The user hkes

review: ... | reasoning: .

uone)udsaIdoy dnurwag

(a) Profile Generation via Reasoning

Representation Learning with Large Language Models for Recommendation (WWW 2024)
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LLMs-as-Enhancers (profile)
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Representation Learning with Large Language Models for Recommendation (WWW 2024)
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LLMs-as-Enhancers (profile)

-
* Experiments
Data | Amazon-book Yelp Steam

Backbone | Variants | R@5 R@10 R@20 N@5 N@10 N@20 | R@ R@10 R@20 N@5 N@10 N@20 | R@ R@10 R@20 N@5 N@10 N@20
Semantic Embeddings Only | 0.0081 0.0125 0.0199 0.0072 0.0088 0.0112 I 0.0013 0.0022  0.0047 0.0014 0.0018 0.0026 ‘ 0.0033 0.0062 0.0120 0.0031 0.0043 0.0064
Base 0.0537 0.0872 0.1343 0.0537 0.0653 0.0807 0.0390 0.0652 0.1084 0.0451 0.0534 0.0680 0.0500 0.0826 0.1313 0.0556 0.0665 0.0830
GCCF RLMRec-Con | 0.0561" 0.0899° 0.1395" 0.0562" 0.0679" 0.0842° | 0.0409" 0.0685" 0.1144° 0.0474" 0.0562° 0.0719" | 0.0538" 0.0883" 0.1398" 0.0597" 0.0713" 0.0888"
RLMRec-Gen | 0.0551*  0.0891*  0.1372° 0.0559" 0.0675" 0.0832" | 0.0393 0.0654 0.1074 0.0454 0.0535 0.0678 | 0.0532* 0.0874* 0.1385" 0.0588" 0.0702* 0.0875"

Best Imprv. | 14.28% 13.10% 13.87% 14.66% 13.98% 14.34% | 14.87% 15.06% 15.54% 15.10% 15.24% 15.74% | 17.60% 16.90% 16.47% 17.37% 17.22%  16.99%

Base 0.0570 0.0915 0.1411 0.0574 0.0694 0.0856 0.0421 0.0706  0.1157 0.0491 0.0580 0.0733 0.0518 0.0852 0.1348 0.0575 0.0687 0.0855

LishtGCN RLMRec-Con | 0.0608" 0.0969" 0.1483" 0.0606" 0.0734" 0.0903" | 0.0445" 0.0754" 0.1230° 0.0518" 0.0614" 0.0776" | 0.0548" 0.0895" 0.1421" 0.0608" 0.0724"  0.0902*
& RLMRec-Gen | 0.0596"  0.0948"  0.1446" 0.0605° 0.0724"  0.0887" | 0.0435" 0.0734" 0.1209° 0.0505 0.0600° 0.0761* | 0.0550" 0.0907" 0.1433" 0.0607" 0.0729" 0.0907"
Best Imprv. | 16.67% 1590% 15.10% 1557% 15.76% 15.49% | 15.70% 16.80% 1631% 1550% 15.86% 15.87% | 16.18% 1646% 1631% 1574% T16.11%  16.08%

Base 0.0637  0.0994  0.1473 0.0632 0.0756 0.0913 0.0432 0.0722  0.1197 0.0501 0.0592 0.0753 0.0565 0.0919 0.1444 0.0618 0.0738 0.0917

SGL RLMRec-Con | 0.0655" 0.1017" 0.1528" 0.0652" 0.0778" 0.0945" | 0.0452" 0.0763" 0.1248" 0.0530" 0.0626" 0.0790" | 0.0589" 0.0956" 0.1489" 0.0645" 0.0768" 0.0950"

: RLMRec-Gen | 0.0644 0.1015  0.1537"  0.0648"  0.0777" 0.0947° | 0.0467° 0.0771" 0.1263"° 0.0537" 0.0631" 0.0798" | 0.0574" 0.0940" 0.1476" 0.0629" 0.0752"  0.0934"
Best Imprv. | 12.83% 1231% 1434% 13.16% 1291% 13.72% | 18.10% 1679% 1551% 17.19% 16.59%  15.98% | 15.20% 14.03% 13.12% 1437% 1407%  13.60%

Base 0.0618 0.0992 0.1512 0.0619 0.0749 0.0919 0.0467 0.0772 0.1254 0.0546 0.0638 0.0801 0.0564 0.0918 0.1436 0.0618 0.0738 0.0915

SimGCL RLMRec-Con | 0.0633" 0.1011" 0.1552" 0.0633" 0.0765" 0.0942" | 0.0470 0.0784" 0.1292" 0.0546 0.0642 0.0814" | 0.0582" 0.0945" 0.1482" 0.0638" 0.0760" 0.0942"
RLMRec-Gen | 0.0617  0.0991  0.1524"  0.0622 00752  0.0925" | 0.0464 0.0767  0.1267 0.0541 0.0634 0.0803 0.0572 0.0929  0.1456"  0.0627*  0.0747"  0.0926"

Best Imprv. | 12.43% 11.92% 1265% 12.26% 12.14% 12.50% | 10.64% T1.55%  13.03% - 10.63% T1.62% | 13.19% 12.94% T1.53% 13.24% 12.98%  12.95%

Base 0.0662 0.1019 0.1517 0.0658 0.0780 0.0943 0.0468 0.0778 0.1249 0.0543 0.0640 0.0800 0.0561 0.0915 0.1437 0.0618 0.0736 0.0914

DCCE RLMRec-Con | 0.0665  0.1040" 0.1563" 0.0668  0.0798" 0.0968" | 0.0486" 0.0813" 0.1321"° 0.0561" 0.0663" 0.0836" | 0.0572" 0.0929" 0.1459" 0.0627" 0.0747" 0.0927"
RLMRec-Gen | 0.0666 0.1046° 0.1559° 0.0670" 0.0801° 0.0969° | 0.0475 0.0785  0.1281*  0.0549 0.0646 0.0815 | 0.0570"  0.0918 0.1430 0.0625 0.0741 0.0915

BestImprv. | 10.60% 12.65% 13.03% 11.82% 12.69% 12.76% | 13.85% 1450% 1576% 1331% 1359% 1450% | 1214% T1.53% T1.53% T1.46% 11.49%  11.42%

Base 0.0689 0.1055 0.1536 0.0705 0.0828 0.0984 0.0469 0.0789 0.1280 0.0547 0.0647 0.0813 0.0519 0.0853 0.1358 0.0572 0.0684 0.0855

AutoCF RLMRec-Con | 0.0695 0.1083° 0.1586" 0.0704 0.0837 0.1001° | 0.0488" 0.0814" 0.1319° 0.0562" 0.0663" 0.0835" | 0.0540" 0.0876" 0.1372° 0.0593" 0.0704* 0.0872"
RLMRec-Gen | 0.0693  0.1069" 0.1581°  0.0701 0.0830 0.0996 | 0.0493" 0.0828" 0.1330" 0.0572° 0.0677° 0.0848" | 0.0539" 0.0888" 0.1410" 0.0593" 0.0710° 0.0886"

BestImprv. | 10.87% 12.65% 13.26%  [0.14% T1.87% 1173% | 15.12% 14.94% 13.91% T1457% 14.64% 1431% | 14.05% 14.10% 13.83% 13.67% 13.80%  13.63%

Representation Learning with Large Language Models for Recommendation (WWW 2024)



LLMs-as-Enhancers (profile)

* Experiments

[1 Shuffle [1 Base [ Contriever [—1 Instructor [ Default \

o -~ — (= -
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® @) 0.09F
8 Q 0.08} -
|
o DAL = 0.07
LightGCN GCCF SimGCL DCCF " LightGCN GCCF SimGCL DCCF
(a) RLMRec-Con
) — O 0.10 —
N M W N _ T
©o0.14r ® o0.08}
© 0.12 ' 8
bl I 0.05
g S
—— LightGCN GCCF SimGCL DCCF LightGCN GCCF SimGCL DCCF

(b) RLMRec-Gen

Representation Learning with Large Language Models for Recommendation (WWW 2024)
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CoRAL: Collaborative Retrieval-Augmented Large Language
Models Improve Long-tail Recommendation

Junda Wu Cheng-Chun Chang Tong Yu
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e Method

We formulate the sequential retrieval process as a Markov Decision
Process (MDP) M = (S, A,P,r,p,y).

. At each time step ¢, the retrieval policy
mg needs to retrieve the next user-item pair (u7, ,,i7 ) to augment
current supporting evidence. In this work, we focus on how to
obtain a minimal-sufficient information support for the LLM to

deduce the accurate rating of z.

re (st (uf. i) = |pe—r =% = |pe—y%|

o W

discrepancy at f—1 discrepancy at ¢

Review History

Seasons of
Fun

Mia's
Science
Adventure

Question:

Would user #0 like “Cail-
lou Magic Playhouse”?
Answer:

1. The item shares the same theme
with “Caillou Four Seasons of Fun”.
2. The item less focuses on
traditional academic learning like
“Mia's Science Adventure”.

Based on this analysis, user #0
would like the item. €3

(a) Conventional item-based [16, 42] LLM reasoning process.

Review History

s | Seasons of
Fun

Caillou
Magic
Playhouse

Jay Jay the
Jet Plane

Question: o &
Would user #0 like “Cail- B "vve, -
lou Magic Playhouse”? E ﬁ
Answer: ¢ <
1. The item has shown a divisive
preference among users with similar
interests.

2. Although the item shares the
same theme with “Caillou Four
Seasons of Fun”, the item is disliked
by users who share such interests.
Based on this analysis, user #0
would not like the item. )

(b) Collaborative Retrieval Augmented LLM reasoning process.

CoRAL: Collaborative Retrieval-Augmented Large Language Models Improve Long-tail Recommendation (KDD2024)
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* Experiments
| Software Prime Pantry Gift Cards | Appliances Average
AUC Fl AUC F1 AUC F1 AUC F1 AUC F1
AFM [61] 75.12 5839 | 6947 5251 | 4693 6156 | 76.86 6552 | 67.10 59.49
DCN [50] 76.75  66.20 | 73.30 4999 | 55.59 67.07 | 80.70 71.15 | 71.59 63.60
DFM [14] 76.04 66.63 | 7292 5786 | 66.76 60.01 | 81.83 7737 | 7439 06547
WDL [10] 78.20 69.25 | 73.77 5643 | 60.81 57.66 | 73.82 7456 | 71.65 6448
IPS [43] 78.24 7132 | 7224 61.65 | 6479 6395 | 82.28 7565 | 7439 6623
CausE [6] 77.78  T70.84 | 73.69 5980 | 70.51 6539 | 76.86 7204 | 7471 67.02
LLM-Language [42] | 73.10 6632 | 51.48 4147 | 83.52 7485 | 7436 70.52 | 70.61 63.29
CoRAL-random 77.56  58.60 | 64.07 50.15 | 91.30 59.66 | 77.51 6135 | 77.61 57.44
CoRAL-DFM 9525 88.68 | 93.32 86.73 | 9652 6751 | 9087 86.76 | 93.99 8242
CoRAL-WDL 93.97 91.18 | 87.08 8052 | 9222 70.74 | 9255 8922 | 9145 8292
CoRAL-AFM 93.99 B88.41 89.10  86.17 | 98.99 76.17 | 92.66 8455 9369 83.83
CoRAL-DCN 91.74 87.20 | 8575 7759 | 97.16 70.63 | 91.73 86.28 | 9159 8043

Table 1: Experimental results (AUC and F1) on four Amazon Product datasets.

CoRAL: Collaborative Retrieval-Augmented Large Language Models Improve Long-tail Recommendation (KDD2024)
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e Method

* Grounding Language Space to Recommendation Space.

* Grounding Recommendation Space to Actual ItemsSpace.

p-a (_ : -\ _ - ! -. - e
o [RELFTEL NN Recommendation Actual Item =
L] - . .

2 [IEEI- IR | Space Space 8
m - e 7 - ald h" 5 : B
o [i§) an AT language model, I e . C !
o don’ t have access to your ¢ * . ﬁ e E
E? personal preferences... ( Ch vl ]
5 -.. (T¥on Man (Sichuan :ialac.t} i B c _ | é.:.:
80 (CHouching Ti : 31::1 = et o

c T, an ; ——
= R by g 10 ) e Grounding :|5t1?t'5t"3tﬂi"-'*: T H
b \_ ‘ [ ] _} o * Large Language @ Actual item s.l'_".rm.a_.':'f.-'

® 1004 Cutput @ Hypothetical item

A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems (arxiv2312)
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Method

* Grounding Language Space to Recommendation Space.

Table 1. Example of the instruction-tuning data for the step of grounding to the space.

Instruction Input

Instruction: Given ten movies that the user
watched recently, please recom-
mend a new movie that the user
likes to the user.

Input: The user has watched the follow-
ing movies before: “Traffic (2000)”,
“Ocean’s Eleven (2001)", ... “Fargo
(1996)”

Instruction Output

Output: “Crouching Tiger, Hidden Dragon
(Wu hu zang long) (2000)”

A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems (arxiv2312)
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* Method

* Grounding Recommendation Space to Actual ItemsSpace.

D; = ||emb; — oracle||,,
Nt’
Cj = 7y
Z_jEI s
C;—minjE;{Cj}
P; - P ]
maxjer{C;j} — minjer {C;}
ﬁ__ .Dj _minleI{Dj}
! maxer{Dj} — minjer{D;}’
~ D;
(14 Py)Y’

A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems (arxiv2312)
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-_
* Experiment
Dataset Model NG@1 NG@3 NG@5 NG@10 NG@20 HR@1 HR@3 HR@5 HR@10 HR@20
GRU4Rec 0.0015 0.0034 0.0047 0.0070 0.0104 0.0015 0.0047 0.0079 0.0147 0.0281
Caser 0.0020 0.0035 0.0052 0.0078 0.0109 0.0020 0.0046 0.0088 0.0171 0.0293
SASRec 0.0023 0.0051 0.0062 0.0082 0.0117 0.0023 0.0070 0.0097 0.0161 0.0301
NEHE By 0.0014 0.0026 0.0036 0.0051 0.0069 0.0014 0.0035 0.0059 0.0107 0.0176
DROS 0.0022 0.0040 0.0052 0.0081 0.0112 0.0022 0.0051 0.0081 0.0173 0.0297
GPT4Rec-LLaMA 0.0016 0.0022 (.0024 0.0028 0.0035 0.0016 0.0026 0.0030 0.0044 0.0074
BIGRec (1024) 0.0176 0.0214 0.0230 0.0257 0.0283 0.0176 0.0241 0.0281 0.0366 0.0471
Improve 654.29% 323.31% 273.70% 213.71% 142.55% 654.29% 244.71% 188.39% 111.97% 56.55%
GRU4Rec (0.0013 0.0016 (0.0018 (0.0024 0.0030 0.0013 0.0018 0.0024 0.0041 0.0069
Caser 0.0007 0.0012 0.0019 0.0024 0.0035 0.0007 0.0016 0.0032 0.0048 0.0092
SASRec 0.0009 0.0012 0.0015 0.0020 0.0025 0.0009 0.0015 0.0021 0.0037 0.0057
P5 0.0002 0.0005 0.0007 0.0010 0.0017 0.0002 0.0007 0.0012 0.0023 0.0049
Game DROS 0.0006 0.0011 0.0013 0.0016 0.0022 0.0006 0.0015 0.0019 0.0027 0.0052
GPT4Rec-LLaMA  0.0000 0.0000 0.0000 0.0001 0.0001 0.0000 0.0000 0.0000 0.0002 0.0002
BIGRec (1024) 0.0133 0.0169 0.0189 0.0216 0.0248 0.0133 0.0195 0.0243 0.0329 0.0457
Improve 952.63% 976.26% 888.19% 799.64% 613.76% 952.63% 985.19% 660.42% 586.11% 397.10%

A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems (arxiv2312)
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Experiments

MF MultVAE LightGCN
Offline Recall NDCG Recall NDCG Recall NDCG

Origin 0.1506 0.3561 0.1609 0.3512 0.1757 0.3937
+ Unviewed | 0.1523 0.3557 0.1598 0.3487 0.1729 0.3849
+ Viewed 0.1570" 0.3604" | 0.1613 0.3540" | 0.1765" 0.3943"

Simulation | Nexir Ssat Nexit Ssat Nexit Seut
Origin 3.17 3.80 3.10 3.75 3.02 3.85
+ Unviewed 3.03 377 3.01 3.77 3.06 3.81
+ Viewed 3.7 3.83" 3.18* 3.87* 3.10" 3.92*

On Generative Agents in Recommendation (arxiv2405)
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