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Fig.1 Typical MLIM architecture®
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Modeling Paradigm Case
Embeddings
.?. User Profile @ Item Profile
“TT B gnique;;;;D: U12345 & LLv ;Jr::qu;;t;ml 113:13317'89:)1
2 ame: - itle: The Silent Patien
m -L L-:NI m Age: 29 Embeddings Genre: Thriller, Mystery
Location: New York, USA Average Rating: 4.5 out of 5
"TERI & RS Membership: Premium Member = Description: A gripping

—

Reading Preferences: Fiction, psychological thriller about a
Item User

Historical Novels... woman’s act of violence...

(1) LLM Embeddings + RS

.?. User Profile ‘éa LLM @l Item Profile
Unique User ID: U12345 Unique Item ID: B78901
Name: XXXX .. The user is not Title: The Silent Patient
Age: 29 interested in the Genre: Thriller, Mystery
Location: New York, USA Thriller series. Average Rating: 4.5 out of 5
Membership: Premium Member v v Description: A gripping
Item -+ User Reading Preferences: Fiction, ’!é RS 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. Output the title of recommended book.
¢ f> pmss‘iv:gr User Prompt: The user’s ID is U12345, age is 29, location... Her recently reading

B RPN B enerated books: The Night Circus by Erin Morgenstern The Da Vinci Code by Dan Brown.

EE-E EE-E Response 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.
- J

K2 e R RRIE SRR I3 MR I R B
Fig.2 Three representative modeling paradigms of the research for large language models on recommendation systemsi'"

WetF R G 0] LUy A X #E 75 (generative recommendation) #1351 20 #E % (discriminative recommen-
dation) " A B HE A7 38 H R T AR BORERY L AR 43 F G i 25 s AR O T I 46, FEAZ 0 H AR SR AR AT A P TR
PSR HERE A AR N ot B v, A b A 7 A5 AR 3 et e R T A U8 1) %k 5 AR 9 ok 1 A S A S 5
Y= EueUln( EiHP(i | UYL A S i g A R
w- WUH @ XEHEATIES 0 H FH— AP eREL £ (e, ) SR IO P 6350 A %8R 0 A A A 2 A
FORIIH 2% T R U 2 R b, AR R e/ A R bR B Cln B SO R B O R ZE RO v =
> LrCusidey, ).
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Multimodal information generation and recommendation system

driven by large language models

Wu Ye'?, Lu Junlin'

(1. School of Journalism and Communication, Beijing Normal University, Beijing 100875, China;

2. Computational Communication Research Center, Beijing Normal University, Zhuhai 519000, China)

Abstract: The rapid development of artificial intelligence technology has enabled large language models(LLLMs)to play a
significant role in multimodal information generation and recommendation systems. This paper introduces how LLMs achieve
cross-modal learning, integrating text, image, audio, and video data to drive automation and diversification in information gen-
eration, greatly enhancing content quality. In recommendation systems, LLMs improve the accuracy and diversity of personal-
ized recommendations through embedding matching. token representation, and functioning directly as recommendation engines.
Future research should focus on enhancing the reasoning ability and generating quality of multimodal models, strengthening da-
ta security and transparency, and expanding the application potential of LLLMs in information generation and recommendation.

Keywords: large language models; multimodal information; personalized recommendation; intelligent communication
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