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Figure 1: The Transformer - model architecture.
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LLM-based recommendation

[2024][WWW] A survey on large language models for recommendation
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Figure 3 A taxonomy of the research for large language models on recommendation systems
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[2024][WWW] A survey on large language models for recommendation
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LLM-based recommendation

[2024][WWW] A survey on large language models for recommendation
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Name: XXXX Title: The Silent Patient
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Age: 29 Genre: Thriller, Mystery
. . . . Location: New York, USA Average Rating: 4.5 out of 5
EEE EE-E RS Membership: Premium Member Dcscriptiqn: A g;ipping
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Item User Historical Novels... woman’s act of violence...
(1) LLM Embeddings + RS
D ‘?. User Profile w] Item Profile
Unique User ID: U12345 Unique Item ID: B78901
LI V] Name: XXXX ... The user is not Title: The Silent Patient
- - - ™ - Age: 29 interested in the Genre: Thriller, Mystery
Toke Location: New York, USA Thriller series. Average Rating: 4.5 out of 5
EE-H EE-H RS Membership: Premium Member Description: A gripping
Item - User Reading Preferences: Fiction, psychological thriller about a
Historical Novels... woman's act of violence. ..
(2) LLM Tokens + RS
Task Instruction: You are a recommender. Based on the user's profile and behaviors,
recommending a suitable book that she will like. Qutput the title of recommended book.
User Prompt: The user’s ID is U12345, age is 29, location... Her recently reading
books: The Night Circus by Erin Morgenstern The Da Vinci Code by Dan Brown.
Item Prompt: Candidate 1: Title: The Silent Patient. Genre: Thriller, Mystery. Average
[ ———— Rating: 4.5 out of 5. The book describes a gripping psychological thriller... Candidate 2:
Prompt/Instruction Sequence The Three-Body Problem. Genre: Fiction novel. ...
(3) LLM as RS Output: The Three-Body Problem.
\ S

Figure 2 Three representative modeling paradigms of the research for large language models on recommen-
dation systems
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[2024][WWW] A survey on large language models for recommendation
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[2024][WWW] A survey on large language models for recommendation
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[2024][WWW] A survey on large language models for recommendation

* LLMES 3= AA—0| SEroh= 44 (371X])
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recommending a suitable book that she will like. Output the title of recommended book.
LILM L);> LJ;> Pm;g User Prompt: The user’s ID is U12345, age is 29, location... Her recently reading
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\ . J Rating: 4.5 out of 5. The book describes a gripping psychological thriller... Candidate 2:
Prompt/Instruction Sequence The Three-Body Problem. Genre: Fiction novel. ...
(3) LLM as RS Output: The Three-Body Problem.
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[2024][WWW] A survey on large language models for recommendation

« LLM 7|gk 33X A|AEIOAM AR E|= domain adaption B

. . Specific Loss of Task A
(1) Fine-tuning '
LLM Fine-tume the p i S Inference on task A

LLM on task A

(2) Prompting / In Context Learning

Prompt engineering or few-
LLM : Inf "
shot prompting on task A nierence on fas
(3) Prompt tuning
Input hard or soft Fine-tune the parameters of
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Input instructions ~ Fine-tune the parameters of Inference on seen task B,
LLM —
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+
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Figure 4 Detailed explanation of five different training {(domain adaption) manners for LLM-based recom-
mendations
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[2024][WWW] A survey on large language models for recommendation

 Discriminative LLMs for Recommendation
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[2024][WWW] A survey on large language models for recommendation

* Discriminative LLMs for Recommendation
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(a) Finetuning DLLM for recommendation
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[2024][WWW] A survey on large language models for recommendation

* Discriminative LLMs for Recommendation
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(b) Prompt tuning DLLM for recommendation
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* Generative LLMs for Recommendation
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Figure 6 Generative LLLMs for recommendation
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[2024][WWW] A survey on large language models for recommendation

 Generative LLMs for Recommendation
v EfelmRicieloz a1k
= Non-tuning IH2{CH
— Prompting, In-context learning

=  Tuning T2 CHY
— Tuning, Prompt tuning, Instruction tuning
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LLM-based recommendation

[2024][WWW] A survey on large language models for recommendation

- Cj|OoJEfA

Table2 A list of common datasets used in existing LLM-based recommendation methods

Name

Scene

Tasks

Information

URL

Amazon review [118]

Amazon-M2 [87]

Amazon review 2023 [119]

Steam [120]

MovieLens

Commerce

Commerce

Commerce

Game

Movie

Seq Rec / CF Rec

Seq Rec / CF Rec

Seq Rec / CF Rec

Seq Rec / CF Rec

General

This is a large crawl of

product reviews from Ama-
zon. Ratings: 82.83 million,
Users:20.98 million, Items:
9.35 million, Timespan: May
1996 - July 2014

A large dataset of anonymized
user sessions with their inter-
acted products collected from
multiple language sources
at  Amazon. It includes
3,606,249  train  sessions,
361,659 test sessions, and
1,410,675 products.

The dataset comprises over
570 million reviews and 48
million items from 33 cate-
gories,

Reviews represent a great
opportunity to break down
the satisfaction and dissatis-
faction factors around games.
Reviews: 7,793,069, Users:
2,567,538, Items: 15,474,
Bundles: 615

The dataset consists of 4
sub-datasets, which describe
users’ ratings to moives and
free-text tagging activities
from MovieLens, a movie
recommendation service.

http://jmcauley.ucsd.edu/data/amazon/

https://arxiv.org/abs/2307.09688

https://amazon-reviews- 2023 . github.io

https://cseweb.ucsd.edu/~jmcauley/datasets. html#steam_data

https://grouplens.org/datasets/movielens/
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LLM-based recommendation

C|O[E4Y

Table 2 continued

[2024][WWW] A survey on large language models for recommendation

Name

Scene

Tasks

Information

URL

Yelp

Douban [121]

MIND [122]

U-NEED [123]

Commerce

Movie, Music, Book

News

Commerce

General

Seq Rec / CF Rec

General

Conversa -tion Rec

There are 6,990.280 reviews,
150,346 businesses, 200,100
pictures, 11 metropoli-
tan areas, 908915 tips by
1,987,897 users. Over 1.2 mul-
lion business attributes like
hours, parking, availability,
etc.

This dataset includes three
domains, ie., movie, music,
and book, and different kinds
of raw information, i.e., rat-
ings, reviews, item details,
user profiles, tags (labels), and
date.

MIND contains about 160k
English news articles and
more than 15 million impres-
sion logs generated by 1 mil-
lion uvsers. Every news con-
tains textual content including
title, abstract, body, category,
and entities.

U-NEED consists of 7,698
fine-grained annotated pre-
sales dialogues, 333,879 user
behaviors, and 332,148 prod-
uct knowledge tuples.

https:/fwww.yelp.com/dataset

https://github.com/ MarkWuNLP/ MultiTurnResponse Selection

https://msnews.github.io/assets/doc/ ACL2020_MIND.pdf

https://github.com/LeeeeoLiu/U-NEED
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LLM-based recommendation

[2024][WWW] A survey on large language models for recommendation

- Cj|OoJEfA

Table 2 continued

Name

Scene

Tasks

Information

URL

KuaiSAR [124]

Tenrec [125]

PixelRec [126]

Video

Video, Article

Video

Search and Rec

General

Seq Rec / CF Rec

KuaiSAR contains  genuine
search and recommendation
behaviors of 25,877 users,
6,890,707 items, 453,667
queries, and 19,664,885
actions within a span of 19
days on the Kuaishou app.
Tenrec is a large-scale bench-
mark dataset for recommen-
dation systems. It contains
around 5 million users and 140
million interactions.

PixelRec is a massive image-
centric recommendation
dataset that includes approxi-
mately 200 million user-image
interactions, 30 million users,
and 400,000 cover images.
The texts and other aggregated
attributes of videos are also
included.

https://kuaisar.github.io/

https:/ftenrecO. github.io/

https:// github.com/westlake-repl/PixelRec
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LLM-based recommendation

[2024][WWW] A survey on large language models for recommendation

- Cj|OoJEfA
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LLM-based recommendation

[2024][WWW] A survey on large language models for recommendation

o LLMI|dtF=HMA|AEIOl =9 24 & challenges
v 2UX
= Explainability (& 7+sA)
= LLMZ X0 2 reasoningS &de == U0, =8 O|F01| CHH AFZ{O] Ofshe =~ U= HEH=Z
20| ot
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Figure 7 The major strengths and technical challenges of LLM4Rec
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LLM-based recommendation

[2024][WWW] A survey on large language models for recommendation

o LLMI|dtF=HMA|AEIOl =9 24 & challenges
v Challenges

=  Model Bias (Hgf)
- AEAtEd(ex. 215, dE S)0l| 2 Hee 0| 2l 4=

= Controlled Generation (X|0{=2! i)
- LLM2 &3 |07} 0{24R, E-got K/l =M 22 OFgXH o = M5 | 01242

=  Prompt Design (2SI E 4|
- N4t 2T EE MA[SH= 20| iR 5061, 1 20| 2t 40| 212E
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Figure 7 The major strengths and technical challenges of LLM4Rec
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LLM-based recommendation

[2024][WWW] A survey on large language models for recommendation
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3. B8 H|i (LLM vs. w/o LLM)



D& H|w (LLM vs. w/o LLM)

[2018][IEEE][SASRec] Self-Attentive Sequential Recommendation

* SASRec = Transformer 7 |£t2] sequential recommendation
v' Z|LLLM-based recommendation ===2| H|0|A2[RI0 = K== ¢
v’ 7|&9] sequential recommender?! Markov Chains(MC)2f RNN H/&2| tHE S E2t
v' GEA] NLP taskO{|A] SOTARIE Transformer ZES =58 A| A M2 =)ot BE

ot o [ . A"5e) Zﬁ[ ] «  SASRecO| TranfformerQI self:a]:ctention
| | ' Prediction Layer u.";-lL'l%% OI%OH Seq rec% ¢°°HOI-E J_"'I-IO-I
| ren | | v | | N Fead Farward ) ;ﬂr *l?—l- E'|_|-7:"0'"*-| Olﬁ_o_l E% Ol-olEéI% J_'—E':i
Y Network
(Caggiaacll?::::re) Self Attenti ° E'I-% -SOH%J_"I- J_Il_l-?'_:IEI_I 0}0'%0‘" ‘fOCUS On’
_‘ Layer St attentionS AL
Em En Em e
T T T
Training Action — B e
e ([ B @ @ §) [ S AF2XHO| TFH SHE AJHA
S S S S (£MCH2 S2|8t7{Lt K3t ofolg)

Figure 1: A simplified diagram showing the training process of
SASRec. At each time step, the model considers all previous
items, and uses attention to ‘focus on’ items relevant to the
next action.
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D& H|w (LLM vs. w/o LLM)

[2018][IEEE][SASRec] Self-Attentive Sequential Recommendation

* SASRec = Transformer 7 |£t2] sequential recommendation
v' Z|LLLM-based recommendation ===2| H|0|A2[RI0 = K== ¢
v 7|&2| sequential recommender?! Markov Chains(MC)Zf RNN A|E2| THE2 Het

v' A NLP taskO{[A SOTAIE Transformer &2

A AH A AR HS Et B

Expected
Next ltem

]
' Prediction Layer
Point-Wise s

Feed Forward
Network
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(Can Stack More) Self Attention

Layer

SASRecO| Transformer?| self-attention
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s =1} 224 =] oto|Ello]| ‘focus on'
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Sl X} attentionS Al

- Embedding
Layer
A
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N

Figure 1: A simplified diagram showing the training process of
SASRec. At each time step, the model considers all previous
items, and uses attention to ‘focus on’ items relevant to the

next action.
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D& H|w (LLM vs. w/o LLM)

[2018][IEEE][SASRec] Self-Attentive Sequential Recommendation

* SASRec = Transformer 7 |£t2] sequential recommendation
v' Z|LLLM-based recommendation ===2| H|0|A2[RI0 = K== ¢
v’ 7|&9] sequential recommender?! Markov Chains(MC)2f RNN H/&2| tHE S E2t
v' GEA] NLP taskO{|A] SOTARIE Transformer ZES =58 A| A M2 =)ot BE

ot o [ . A"5e) Zﬁ[ ] « SASRecO| Transformer?| self-attention
| | + Prediction Layer u.";-lL'l%% Ol-g-aH Seq rec% 1*_00“-61-% J_"'I-IO-I
Point-Wise ® ;ﬂP *l?_l- E‘._I‘jﬂO‘"*'I Ola-o-l E% 0}0'%% J_'—E'1
( | een || FF;N | | en | Feed Formarg
o , « LC}3S Az 2 El ofo[&lo| focus on’
e St Xt attentionS AL
Training Action e i J
e (8 @ W T4 Aol ool 5
St %2 S S o{tH 2do| C}-2 ofo|& ofZ0f| ZRX| attention

Figure 1: A simplified diagram showing the training process of

SASRec. At each time step, the model considers all previous SiX{ AJE”(t)ELCH O] A|HS HX| U E
items, apd uses attention to ‘focus on’ items relevant to the Causality maskJ} ;_1 _g_ 5=|

next action.
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D& H|w (LLM vs. w/o LLM)

[2018][IEEE][SASRec] Self-Attentive Sequential Recommendation

* SASRec = Transformer 7 |£t2] sequential recommendation
v' Z|LLLM-based recommendation ===2| H|0|A2[RI0 = K== ¢
v 7|&2| sequential recommender?! Markov Chains(MC)Zf RNN A|E2| THE2 Het

v' EA| NLP taskO{|A SOTAQIE Transformer 2ES =%
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X 4
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Figure 1: A simplified diagram showing the training process of
SASRec. At each time step, the model considers all previous
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D& H|w (LLM vs. w/o LLM)

[2018][IEEE][SASRec] Self-Attentive Sequential Recommendation

* SASRec = Transformer 7 |£t2] sequential recommendation
v XA LLM-based recommendation ===2| H|0|AZIRIO 2 Xt 5
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Figure 1: A simplified diagram showing the training process of
SASRec. At each time step, the model considers all previous
items, and uses attention to ‘focus on’ items relevant to the
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DEl H| W (LLM vs. w/o LLM)

[2025][KDD][LLM2Rec] Large Language Models Are Powerful Embedding
Models for Sequential Recommendation

* LLMZ2Rec
v 7|&2| Sequential recommendationi|A] tr== OFO|&! ID S UH|EEF=~3H
= OHAIE: OfO[|] 2ol 20| JAlEE BHESR | Otz (SASRecT ofi)

v LLM%%*%WE# O|D|X-IE+CF*|QEEE|’6H%’S
QI UHIS} S & cold-start robustness? F 3H| SFAL

v &, seqrecOlMe| 2|0] 7|8t =HE I SO =

v' pre-training0| 2t2 &l 2 LLME freeze(52) AHENZ {X[2t XY, downstream sequential
recommendation= M
= CRA| 28K, 291=91 fine-tuning §10], LLMO| 4445t item-level embedding@t &850 7 |=
sequential recommender(GRU4Rec, SASRec 5)01| plug-indt= 244

v peElax
= 1) Collaborative Supervised Fine-Tuning (CSFT)
= 2) ltem-level Embedding Modeling (IEM)
= 3) Embedding Utilization
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DEl H| W (LLM vs. w/o LLM)

[2025][KDD][LLM2Rec] Large Language Models Are Powerful Embedding

Models for Sequential Recommendation

e
v" 1) Collaborative Supervised Fine-Tuning (CSFT)
= AI2XtlE AIBAS XHI0] HEHC| instruction@ 2 JLA8H LLMO| 423t
= 1 ARACI20]| SEE Of0[HIo| titleS autoregressive 2410 2 O ZstE
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1. Collaborative Supervised Fine-Tuning

2. Item-level Embedding Modeling 3. Embedding Utilization
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DEl H| W (LLM vs. w/o LLM)

[2025][KDD][LLM2Rec] Large Language Models Are Powerful Embedding
Models for Sequential Recommendation

. EE X
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DEl H| W (LLM vs. w/o LLM)

[2025][KDD][LLM2Rec] Large Language Models Are Powerful Embedding
Models for Sequential Recommendation

. RYax
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DE H|w

(LLM vs. w/o LLM)

SASRec (2018, w/o LLM)

LLM2Rec (2025, LLM)

input ID 7|8t user/item A|&A ID+ BEIAE ARA (item titles §)
J|gk e Transformer 7|82t self-attention Pre-trained LLM 7|8t QIH{|&l 2=
= | ltem ID A|RHAE OG> CHS item 0|5 ltem A|EAS A8 CHS item 0|5
o paN =S - S AE o|n| 8f] + CF S8 -> Uito} 53 94
PZS| FoTD - LISl M8 IHs
=TT - Text 7|€te] o|O| O|8HZ cold—start CHE ot
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2E H|w (LLM vs. w/o LLM)

[2018][IEEE][SASRec] Self-Attentive Sequential Recommendation

AlS] >4
¢ E?:'!?EJ_'—

v in-domain G|O|EjAll

—r—

_I_ e
o|7} =9l
. Sk Al ARSI 5
=l X HIAIO PN PN A==y [EaSroy =l P4
EEoljl_L ~MO=EL o -0 |'|_ :'-TO|_|-2|_|'O
AZO|S OlH} olHIE] coEl I Egs}| ol | Ol
» H|O|AZ[RIS U AW 2H / =M Eot AUH||E 2=
In-Domain Datasets
Games Arts Movies
Models

R@10 N@10 R@20 N@20 R@l10 N@I10 R@20 N@20 R@10 N@10 R@20 N@20
BERT 0.0365 0.0184 0.0573 0.0236 0.0363 0.0191 0.0559 0.0240 0.0243 0.0126 0.0383 0.0160
GTE 0.0540 0.0290 0.0792 0.0353 0.0348 0.0185 0.0569 0.0240 0.0396 0.0195 0.0583 0.0242
BGE 0.0491 0.0261 0.0760 0.0329 0.0413 0.0221 0.0632 0.0276 0.0379 0.0187 0.0587 0.0239
GRU4Rec LLM2Vec 0.0540 0.0286 0.0784 0.0348 0.0473 0.0274 0.0678 0.0325 0.0370 0.0187 0.0557 0.0234
BLAIR 0.0455 0.0245 0.0713 0.0309 0.0416 0.0233 0.0639 0.0289 0.0379 0.0188 0.0583 0.0239
EasyRec 0.0450 0.0235 0.0700 0.0298 0.0436 0.0232 0.0643 0.0284 0.0356 0.0180 0.0551 0.0229
LLMEmb 0.0544 0.0298 0.0775 0.0357 0.0480 0.0277 0.0673 0.0325 0.0377 0.0196 0.0538 0.0236
LLM2Rec 0.0624 0.0344 0.0874 0.0408 0.0590 0.0366 0.0802 0.0419 0.0419 0.0214 0.0595 0.0258
%lmprov. 14.76% 15.46% 10.35% 14.31% 22.83% 32.32% 18.16% 29.03% 5.92% 946% 146% 6.77%
BERT 0.0585 0.0311 0.0863 0.0381 0.0650 0.0405 0.0869 0.0460 0.0447 0.0240 0.0646 0.0290
GTE 0.0641 0.0349 0.0911 0.0418 0.0644 0.0394 0.0880 0.0454 0.0570 0.0300 0.0817 0.0363
BGE 0.0733 0.0410 0.1022 0.0483 00748 0.0475 0.1006 0.0540 0.0626 0.0350 0.0847 0.0406
SASRec LLM2Vec 0.0740 0.0407 0.1029 0.0480 0.0770 0.0506 0.1007 0.0566 0.0662 0.0384 0.0874 0.0438

BLAIR 0.0654 0.0361 0.0954 0.0437 0.0648 0.0379 0.0906 0.0444 0.0581 0.0315 0.0801 0.0370
EasyRec  0.0647 0.0357 0.0926 0.0428 0.0658 0.0395 0.0929 0.0463 0.0528 0.0278 0.0739 0.0331
LLMEmb 0.0813 0.0487 0.1085 0.0555 0.0865 0.0601 0.1086 0.0657 0.0659 0.0390 0.0837 0.0435

LLM2Rec 0.0865 0.0521 0.1157 0.0595 0.0925 0.0637 0.1142 0.0692 0.0705 0.0429 0.0895 0.0477
%lmprov.  6.42% 6.92% 6.70% 7.04% 6.95% 597% 516% 529% 6.49% 10.01% 240% 9.13%
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(LLMvs. w/o LLM)

[2018][IEEE][SASRec] Self-Attentive Sequential Recommendation

15{ 74
2 21}

v out-of-domain |0 E{All

= S50 AL/
g

=2 OO

Or2 MZ2 =9I
CO A

XSH LLM2Rec?| =H|Q1 Ldk

ot 55

29 Ol
= 4
1=

o
» &, CIFsHBEA0)|M fine-tuning 10| & reasonabledt A58 H 4~ Ql2

Out-Of-Domain Datasets

Sports Baby Goodreads
Models

R@10 N@10 R@20 N@20 R@10 N@10 R@20 N@20 R@10 N@10 R@20 N@20

BERT 0.0335 0.0183 0.0499 0.0224 0.0111 0.0050 0.0252 0.0086 0.0851 0.0412 0.1226 0.0506
GTE 0.0295 0.0147 0.0459 0.0188 0.022¢ 0.0116 0.0340 0.0145 0.1169 0.0599 0.1701 0.0733
BGE 0.0489 0.0281 0.0685 0.0330 0.0252 0.0131 0.0364 0.0158 0.1072 0.0585 0.1517 0.0697
GRU4Rec LLM2Vec 0.0663 0.0464 0.0810 0.0501 0.0254 0.0138 0.0362 0.0165 0.1174 0.0655 0.1643 0.0773
BLAIR 0.0537 0.0316 0.0735 0.0366 0.0207 0.0099 0.0316¢ 0.0127 0.0939 0.0496 0.1339 0.05%
EasyRec 0.0492 0.0270 0.0674 0.0315 0.0207 0.0105 0.0275 00122 0.0951 0.0477 0.1364 0.0581
LLMEmb 0.0705 0.0482 0.0861 0.0521 0.0252 0.0136 0.0378 0.0168 0.1219 0.0701 0.1667 0.0814
LLM2Rec 0.0828 0.0632 0.0948 0.0662 0.0327 0.0181 0.0463 0.0216 0.1299 0.0761 0.1738 0.0872
%lmprov. 17.50% 31.18% 10.07% 27.06% 28.55% 31.61% 22.32% 28.51% 6.58% 8.68% 2.17% 7.15%
BERT 0.0860 0.0649 0.1017 0.0689 0.0114 0.0050 0.0232 0.0080 0.1479 0.0858 0.1929 0.0972
GTE 0.0823 0.0584 0.1001 0.0629 0.0264 0.0142 0.0387 0.0173 0.1483 0.0851 0.1944 0.0967
BGE 0.0974 0.0736 0.1141 0.0778 0.0428 0.0250 0.0569 0.0286 0.1445 0.0813 0.1972 0.0945
SASRec LLM2Vec 0.1079 0.0854 0.1234 0.0893 0.0561 0.0339 0.0722 0.0379 0.1424 0.0790 0.1906 0.0911
BLAIR 0.0893 0.0614 0.1091 0.0664 0.0332 0.01830 0.0484 0.0218 0.1508 0.0860 02000 0.0934
EasyRec 0.0887 0.0627 0.1061 0.0671 0.0271 0.0154 0.0381 0.0182 0.1445 0.0825 0.1908 0.0941
LLMEmb 0.1131 0.0936 0.1257 0.0969 0.0659 0.0439 0.0807 0.0476 0.1374 0.0778 0.1838 0.0895
LLM2Rec 0.1170 0.0976 0.1289 0.1006 0.0708 0.0503 0.0850 0.053q 0.1530 0.0897 0.2017 0.1020
%lmprov. 3.51% 4.26% 2.56% 3.89% 7.39% 14.56% 5.32% 13.04% 145% 437% 0.83% 3.73%
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D& H|w (LLM vs. w/o LLM)
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LLM-based sequential recommendation
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