Large Language Model

-based Generative Recommendation
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Action Tokenization

Human-readable Data 2 ()

COR®

Machine-readable Data &5

Premium Men’s Short Sleeve Athletic Training T-Shirt Made of Lightweight Breathable Fabric, Ideal for
Running, Gym Workouts, and Casual Sportswear in All Seasons; High-Performance Breathable Cotton Crew
Socks for Men with Arch Support, Cushioned Heel and Toe, and Moisture Control, Perfect for Sports,
Walking, and Everyday Comfort; Men’s Loose-Fit Basketball Shorts with Elastic Drawstring Waistband,
Quick-Dry Mesh Fabric, and Printed Number 11 for Professional and Recreational Play; Official Size 7
Composite Leather Basketball Designed for Indoor and Outdoor Use, Deep Channel Design for Enhanced
Grip and Ball Control, Ideal for Training and Competitive Matches;

Text description of each action

ﬂ Tokenize
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. . . Cons: Inefficient;
Action Tokenization

Human-readable Data 2 ()

COR®

Machine-readable Data &5

Premium Men’s Short Sleeve Athletic Training T-Shirt Made of Lightweight Breathable Fabric, Ideal for
Running, Gym Workouts, and Casual Sportswear in All Seasons; High-Performance Breathable Cotton Crew
Socks for Men with Arch Support, Cushioned Heel and Toe, and Moisture Control, Perfect for Sports,
Walking, and Everyday Comfort; Men’s Loose-Fit Basketball Shorts with Elastic Drawstring Waistband,
Quick-Dry Mesh Fabric, and Printed Number 11 for Professional and Recreational Play; Official Size 7
Composite Leather Basketball Designed for Indoor and Outdoor Use, Deep Channel Design for Enhanced
Grip and Ball Control, Ideal for Training and Competitive Matches;

Text description of each action

ﬂ Tokenize
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Cons: Inefficient;

Action Tokenization ,
Pros: The underlying

Human-readable Data £ () distribution aligns with

that of LLMs
3R ®

Machine-readable Data &5

Premium Men’s Short Sleeve Athletic Training T-Shirt Made of Lightweight Breathable Fabric, Ideal for
Running, Gym Workouts, and Casual Sportswear in All Seasons; High-Performance Breathable Cotton Crew
Socks for Men with Arch Support, Cushioned Heel and Toe, and Moisture Control, Perfect for Sports,
Walking, and Everyday Comfort; Men’s Loose-Fit Basketball Shorts with Elastic Drawstring Waistband,
Quick-Dry Mesh Fabric, and Printed Number 11 for Professional and Recreational Play; Official Size 7
Composite Leather Basketball Designed for Indoor and Outdoor Use, Deep Channel Design for Enhanced
Grip and Ball Control, Ideal for Training and Competitive Matches;

Text description of each action

ﬂ Tokenize
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The Rise of Large Language Models

Transformer

~ : T
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LLMs are developing so fast recently...

O3, R1...

2025

Zhao et al. A Survey of Large Language Models. arXiv:2303.18223
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Large Language Models

Key features:

- World knowledge.

: - Natural language understanding.
~_ COMPLEX . )
€ Y - Human-like behavior.

" Knowledge-based
“*_ Reasoning

39



Benefits of LLMs for Recommendation

(1) World knowledge - from pretraining

Superhero: Tron Man
Superhero: Spider Man
Superhero: Superman
Superhero: Batman
Monster: Godzilla
Monster: King Kong
Homosexual Movies

0
;k Marvel superhero movies.

------ P PR

*  User Intention

Linear
Mapping

True Continent
North America
Africa P
Europe
Asia
Oceania
South America

Language Space Behavior Space

In space In recommendation

Gurnee et al. Language Models Represent Space and Time. ICLR 2024.
Sheng et al. Language Representations Can be What Recommenders Need: Findings and Potentials. ICLR 2025. 40



Benefits of LLMs for Recommendation

(1) World knowledge

® & §

|+| |+ + Next ID ID-based item modeling
L“ prediction  lack semantic meanings

m g g

2 @ ﬁ 5 Example: SASRec [[CDM'18]

Item IDs

Kang and McAuley. Self-Attentive Sequential Recommendation. ICDM 2018. 41



Benefits of LLMs for Recommendation

(1) World knowledge

Titanic is a 1997 epic romance and disaster film directed by James Cameron, telling the tragic love story

between Jack and Rose aboard the ill-fated RMS Titanic. It blends historical events with fictional drama,

becoming one of the most iconic and emotionally powerful films of all time. ‘g

Abundant prior
knowledge about items

[ Text Metadata

This user has watched Titanic, Roman Holiday, ... Gone
with the wind. Predict the next movie this user will watch:

LLM-based Recommender -

Liao et al. LLaRA: Large Language-Recommendation Assistant. SIGIR 2024. 42



Benefits of LLMs for Recommendation
(1) World knowledge

—#— TALLRec —#— Caser —#— SASRec ~#- GRU—BERT ~--: AT
== RT —#— DROS —#— DROS—BERT ~—#— GRU4Rec
0.75 0.650 —
ek //
0.625 K
| Few data -> a good
§o.so 0575 )**/*/* Frecomn Ieﬂder
0.550 f K
0.525 'i """""""""""""""
0.500 | % e ——
0.43 0 50 100 150 200 | 250 0 50 100 150 200§ 250
Number of Samples (Movie) Number of Samples (Book)

Bao et al. TALLRec: An Effective and Efficient Tuning Framework to Align Large Language Model with Recommendation. RecSys 2023. 43



Benefits of LLMs for Recommendation

(2) Natural language understanding & generation

LLMs can interact
with users fluently

44



Benefits of LLMs for Recommendation

(2) Natural language understanding & generation

Prediction Traditional RecSys

gﬁ ;- ' ﬁ l Recommendation %

Click, like

User History
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Benefits of LLMs for Recommendation

(2) Natural language understanding & generation

Conversational RecSys

257 ¢ —_—

Conversation

g (o © o] I would like to Recommendation % Some scientific
o

recommend... movies.
Click, like

Conversation

46



Benefits of LLMs for Recommendation

(3) Human-like behavior

Park et al. Generative Agents: Interactive Simulacra of Human Behavior. UIST 2023 47



Benefits of LLMs for Recommendation

(3) Human-like behavior

Offline recommender evaluation

Inaccurate, but
affordable

48



Benefits of LLMs for Recommendation

(3) Human-like behavior

Online recommender evaluation

Accurate, but
costly

49



Benefits of LLMs for Recommendation

(3) Human-like behavior

| | M as user simulator

iimulation Pipeline

20103
& Exit »%
Spider—Man: Into the a o it Agent Creation
Spider—Yerse (2818) c M- 5 d
i % Tastes / Traits
Mice Sci-Fi ElR oY @. ﬁ
movie, | like it! ol i n Align

arthiul

ﬁ Recommender Evaluation

Controllable

Zhang et al. On Generative Agents in Recommendation. SIGIR 2024 50



Part 1: LLM as Sequential Recommender

(i) Early efforts: Pretrained LLMs for recommendation;

o1



Early efforts

e Directly use freezed LLMs (e.g., GPT 4) for
recommendation.

52



Early efforts

Prompt Engineering + In-Context Learning (ChatRec)
Key idea: LLMs as the recsys controller

Qi: Could you recommend some action movies

to me?

Qi Could you recommend some \__ Recommendation e e
action movies to me? em R

Ai: | have selected the following movies for
you to consider:

Fargo (1996): This movie is a crime drama
that takes place in Minnesota...

Heat (1995): This is a crime thriller with a
lot of action and drama...

Die Hard (1988): Die Hard is an action-
packed thiller about a New York cop
named John Mcclane ...

Qz: Why did you recommend the
“Fargo’ to me?

Az: | recommend “Fargo” because it has a
strong reputation as a classic crime movie,
and it contains elements that may appeal
to your interests based on your movie
history and personal information.

1. Genera: You seem to enjoy a variety of
genes including drama, action, and crime.
“Fargo” is a crime drama that also contains
elements of dark comedy and suspense.

A

Gao et al. Chat-REC: Towards Interactive and Explainable LLMs-Augmented Recommender System. arXiv 2303.14524.

.
{ History of
_.[ User Query Q ] [Umnroﬁlw] | Dialogue H

! ! )

{ Prompt Constructor C

}_

@ chatepT

[ RecSys Candidate Set Construction

|

I b .
{ History of Recommendation R, (<) | [ Intermediate

Answer A, 0

)

Determine1: Use RecSys? Yes

Execute 1: Recommendate Action Movies —
Inputs: (history interaction, user profile, action
movie)

Intermediate Answer A;:

Top-20 results (...)

Determine 2: Use RecSys? No

Execute 2: Rerank and adjust Top-k results —
Inputs: (history interaction, user profile,
Intermediate Answer A;: top-20 results)
Outputs A;: Top-5 results (...)

Qa: Why did you recommend the “Fargo” to me?
Determine1: Use RecSys? No

1: ion for
Inputs: (“Fargo”, history interaction, user profile)
Answer A;:
Explanation(l recommend “Fargo” because it ...)

N H
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Early efforts

Prompt Engineering + In-Context Learning (LLMRank)

Key idea: LLMs as the reranker

User

A

Interaction

histories

Triggering LLMs to perceive order

Retrieving candidates &
Bootstrapping to reduce position bias

Sequential prompting

0J6J0JO)

Recency-focused prompting ® @ @ @

loYolo]o) In-context learning (ICL)

oJoJolon

Candidate generation 1

Retrieve ’ Bl
& Bootstrap ’
B — ][] [5]

¥

v

Hou et al. Large Language Models are Zero-Shot Rankers for Recommender Systems. ECIR 2024.

Ranking w/ LLMs
(e.g. ChatGPT)

[ Parsing outputs ]

[ Pattern w/ sequential historical interactions H I Pattern w/ retrieved candidate items C Instruction template 7' J
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Early efforts

e A performance gap compared to traditional
recommenders exists.
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Early efforts

Sub-optimal performance

ML-1M Games
Method
N@l N@5 N@10 N@20 N@1 N@5 N@10 N@20
Pop 0.08 1.20 4.13 5.79 0.13 1.00 2.27  2.62

BPRMF [49] 026 169 441 604 055 198 296 319
SASRec [33] | 3.76 9.79 10.45 10.56 1.33 3.55 4.02 4.11

BM25 [50] 0.26 0.87 232 528 0.18 1.07 1.80 2.55
UniSRec [30] 0.88 3.46 530 6.92 0.00 1.86 2.03 2.31
VQ-Rec [29] 0.20 1.60 329 573 0.20 1.21 191 2.64

Ours 1.74 5.22 6.91 7.90 0.90 2.26 2.80 3.08|

full

zero-shot

Hou et al. Large Language Models are Zero-Shot Rankers for Recommender Systems. ECIR 2024. 56



Part 1: LLM as Sequential Recommender

(ii) Aligning LLMs for recommendation;

57



Aligning LLMs for recommendation

TALLRec

TALLRec Framework Rec-Tuning
% E Samples
Alpaca . Instruction
ﬁ LLM 1 Tuning ﬁ Rec-Tuning Input
Output

General task alignment -> Recommendation alignment

Bao et al. TALLRec: An Effective and Efficient Tuning Framework to Align Large Language Model with Recommendation. RecSys 2023.



Aligning LLMs for recommendation

TALLRec

—#— TALLRec —#— Caser —#— SASRec ~#- GRU—BERT == AT
—4— RT =#- DROS =#- DROS—BERT —#- GRU4Rec
0.75 0.650

0.625
*/ ,,

0.600 S

0.70

0.65

v 0.575 ¥ x
2 0.60 & 7
< 0.550 | ¥~
0.55 e T s P DL L e ST
4 0.525 i
0-50 0.500 }'ﬁ:*s;,*llsz
0.45
0 50 100 150 200 250 0 50 100 150 200 250
Number of Samples (Movie) Number of Samples (Book)

Good recommender with few training instances

Bao et al. TALLRec: An Effective and Efficient Tuning Framework to Align Large Language Model with Recommendation. RecSys 2023. 59



Aligning LLMs for recommendation

Sequential Recommendation

1 find the purchase history list of user_15466:

4110 -> 4467 -> 4468 -> 4472
P 5 1 wonder what is the next item to recommend to the user. Can you help
me decide?

Rating Prediction

[What star rating do you think user_23 will give item_7391?

Multi-task

Explanation Generation

Help Hong "Old boy" generate a 5-star explanation about this product:
OtterBox Defender Case for iPhone 3G, 3GS (Black) [Retail Packaging] J

C rO S S - t a S k Review Summarization

Give a short sentence describing the following product review from
Mom of 3 yo girl:

. .
First it came with the packaging open and then as soon as my son
g e I l e r a I Z a I O I I took it out it was so easily broken. Hopefully a little glue will fix it.

Direct Recommendation

(you can protect your prescious
L iphone more safe

~

broke immediately

J

Pick the most suitable item from the following list and recommend
to user_250 : \n 4915, 1823, 3112, 3821, 3773, 520, 7384,
7469 , 9318 , 3876 , 1143 , 789 , 595 , 3824 , 3587 , 10396 , 2766 ,
7498 , 2490 , 3232, 9711, 2975 , 1427 , 9923 , 3097 , 3594,
6469 , 9460 , 6956 , 9154

Muilti-task Pretraining with Personalized Prompt Collection

Zero-shot Generalization to New Product & Personalized Prompt

Predict user_14456 's preference about the new product
(1 being lowest and 5 being highest ) : \n title : Hugg-A-Moon
\n price : 13.22 \n brand : Hugg-A-Planet

Geng et al. Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & Predict Paradigm (P5). RecSys 2022.
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Aligning LLMs for recommendation

InstructRec

Table 1: Example instructions with various types of user preferences , intentions ,and task forms . To enhance the readabil-
ity, we make some modifications to the original instructions that are used in our experiments.

Instantiation Model Instructions

(P1,1p, Tp) The user has purchased these items: <historical interactions> . Based on this information, isit likely that the user will interact with <target item> next?

(P2, Iy, T3) You are a search engine and you meet a user’s query: <explicit preference> . Please respond to this user by selecting items from the candidates: <candidate items>.
(Po, 1, T2) As a recommender system, your task is to recommend an item that is related to the user’s <vague intention> . Please provide your recommendation.

(Po, I, Tz) Suppose you are a search engine, now the user search that <specific Intention> , can you generate the item to respond to user’s query?

(P1, P2, T2) Here is the historical interactions of a user: <historical interactions> . His preferences are as follows: <explicit preference> . Please provide recommendations .
(P1, 5, Tz) The user has interacted with the following <historical interactions> . Now the user search for <vague intention> , please generate products that match his intent.
(P1, D, T2) The user has recently purchased the following <historical items>. The user has expressed a desire for <specific intention>. Please provide recommendations.

Unify recommendation & search via instruction tuning

Zhang et al. Recommendation as Instruction Following: A Large Language Model Empowered Recommendation Approach. TOIS. 61



Part 1: LLM as Sequential Recommender

(iii) Training objective & inference

62



Training objective

(1) Supervised finetuning (SFT)

| have watched Titanic, Roman Holiday, ... Gone with
the wind. Predict the next movie | will watch:

63



Training objective

(1) Supervised finetuning (SFT)

| have watched Titanic, Roman Holiday, ... Gone with
the wind. Predict the next movie | will watch:

Prediction
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Training objective

(1) Supervised finetuning (SFT)

| have watched Titanic, Roman Holiday, ... Gone with
the wind. Predict the next movie | will watch:

Prediction

65



Training objective

(1) Supervised finetuning (SFT)

Lspr(0) = —E(z9)~D [Z log| Py (y: | y<t)|]

Always predict the next token

66



Training objective
(2) Preference learning

RLHF

REWARD

LLMs are trained to align
human preferences

Recommendation is about
user preferences

67/



Training objective

(2) Preference learning

| have watched Titanic, Roman Holiday, ... Gone with
the wind. Predict the next movie | will watch:

@ > Harry Potter Q

Rafailov et al. Direct Preference Optimization: Your Language Model is Secretly a Reward Model. NeurlPS 2023. 68



Training objective

(2) Preference learning (S-DPO [NeurlPS'24])

X: “After watching [History Sequence], which movie do you think the person will choose next from [Item List]?”

Supervised Fine-Tuning

Autoregressive
Loss

Target Item

Direct Preferen

God
Father

Pairwise Preference|

ce Optimization

Pairwise
Ranking Loss
LM

Data

Chen et al. On Softmax Direct Preference Optimization for Recommendation. NeurlPS 2024.

Softmax-DPO
ip lg, la, la,
P e e T \
1 1
: " g :.
Cod 0 Trols | 1
Father, '\ 7

Multi-Negative Preference Data

Softmax
Hanking Loss
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Training objective

(2) Preference learning (S-DPO [NeurlPS'24])

X: “After watching [History Sequence], which movie do you think the person will choose next from [Item List]?”

Supervised Fine-Tuning

Autoregressive
Loss

Target Item

To(Ed [Ty
Ls-ppo(m9; Tret) = —E(z,, ., £~ |logo [ —log Y exp (ﬂlogM — Blog

Direct Preference Optimization

God
Father

Pairwise Preference|

Softmax-DPO

Pairwise
Ranking Loss
— LM

God
Father,

Data Multi-Negative Preference Data

Softmax
Hanking Loss

e3EES Fref(edlxu)

Chen et al. On Softmax Direct Preference Optimization for Recommendation. NeurlPS 2024.

7o (€p|Tu) )

Tref (€p|Tu)
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Training objective

DeepSeek-R1-Zero average length per response during training

(3) Reinforce learning .

6000

4000

Average length per response

2000

Emergent reasoning o
capabilities through RL

0 2000 4000 6000 8000
Steps

Question: If a > 1, then the sum of the real solutions of va — vVa+x = x is equal to
Response: <think>
To solve the equation va — Va+x = x, let’s start by squaring both - - -
2
(w/a—\/a+x) =x? = a-Va+x=x2

Rearrange to isolate the inner square root term:

JGRPO(O) = ]E[q ~ P(Q)/ {oi}lil ~ T4 (O|Q)] (a-x)?=a+x = a®-2ax®+(x?)?=a+x = x*-2ax* -x+(a®-a) =0
G
1 . g (O' |q) . g (O‘ |q) (1) Wait, wait. Wait. That’s an aha moment I can flag here.
E Z (mm ( : ¥ Ai/ ChP : - ’ 1- £, l+e Ai - ﬁ ]DKL (7[9 | |7T ref ) 7 Let’s reevaluate this step-by-step to identify if the correct sum can be - - -
i=1 THota (Ol Iq) TOo1a (Ol |q) We started with the equation:
Va-+va+x=x
Dy, (71'9”71’ f) - jtref(oi|q) _ Tref (oilq) _ (2) First, let’s square both sides:
" mo(oilq) mo(oilg) a-vatx=x = Vatx=a-x’

Next, I could square both sides again, treating the equation: - - -

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning. Nature.

71



Training objective

(3) Reinforce learning (Rec-R1)

Prompt Template for REC-R1 + Dense Retriever (Product Search)

RL Training
«—

(T You are an expert in generating queries for dense retrieval. Given a customer
- query, your task is to retain the original query while expanding it with
Reward SIQnaI additional semantically relevant information, retrieve the most relevant
products, ensuring they best meet customer needs. If no useful expansion is
e : needed, return the original query as is.
Large | = -— Below is the query:
Language QR e,
Text <|im_start|>system
Model \ RecSys ), You are a helpful AI assistant. You first think about the reasoning process
in the mind and then provide the user with the answer.
Inference <|imend|>
<|im_start|>user
[PROMPT as above]
max ]E [f(a |S)] Show your work in <think>\think> tags. Your final response must be in JSON
SNP(S), aNT[e (a|S * format within <answer>\answer> tags. For example,
0 <answer>
{ "query”: xxx }
</answer>.
. . <|im_end|>
<|im_start|>assistant
Ranking metrics as rewards [&=olmm s v
<think>

Lin et al. Rec-R1: Bridging Generative Large Language Models and User-Centric Recommendation Systems via Reinforcement Learning. TMLR. 72



Training objective Ranking rewards +

(3) Reinforce learning (ReRe) rule-based rewards

GRPO Optimization

<

< ¢
G different Ranking RuCIhased i
items reward reward Final Score
——————— Al

_______ @ p—

________ <

i £ I ‘ '
1 LA I. : : 1 : h : :
I 99 .9 | 1 Higher 1 I 1 1
H _ > 1 Generation | ; More X 1 : 1
| e || rob ! !\ penalty s : ! :
! , [ 3 | ra A ! 1 ! 1
Constrained ! Monoplay | | ! i A g 1 : 1
Beam | : : \ 1 : 1 !
Search 1 O i . 1 : 1 : 1
LLM Recommender :> : - &(4‘ : I$I : 2 + | : ' :

Poli I . ! ' S 1 |
v 1 UNoGt) " i 0 ! 3 : 1 : ! :
, 550 ! ! 0 H I ooo ; i ;
! 1 1 ! ' 1 ! 1
! M 1 1 ¢ : 1 ! 1
H S A 4 ! R 4 ] ! 1 |
Ttem titles | 1 ' 1 Lower 1 B | i | !
: i | Generation 1\ : Penalty 1 ! | 1
1 Snap Circuits | #rob i rag 1 : 0 ' : .

1 1

N ,I I\ _______ 4 '\ _______ II '\ _______ /I

Given <user interaction historys,
what will be the next item?

~——

Tan et al. Reinforced Preference Optimization for Recommendation. arXiv:2510.12211. 73



Inference

(1) Beam Search

Generating answers with the
top-k highest scored beams

74



Inference

(1) Beam Search

It may generate invalid items

How to ground the LLM outputs
to real items?

75



Inference

(2) Constrained Beam Search

Valid items:
Waterloo Bridge, Waterfall
Story, and Waterloo War

fall

War

Constrained search tree

76



Inference

(2) Constrained Beam Search

| have watched Titanic, Roman Holiday, ...
Gone with the wind. Predict the next movie
| will watch:
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Inference

(2) Constrained Beam Search

| have watched Titanic, Roman Holiday, ...
Gone with the wind. Predict the next movie
| will watch:

P

0.8

P=0.2
fall

78



Inference

(2) Constrained Beam Search

P=1
| have watched Titanic, Roman Holiday, ...
Gone with the wind. Predict the next movie P=0.8
I will watch:
P=0.9

P=0.2
fall
P=0.1
War

79



Inference

(2) Constrained Beam Search

| have watched Titanic, Roman Holiday, ...
Gone with the wind. Predict the next movie
| will watch:

Valid Item!

80



Inference
(3) Improved Constrained Beam Search (D3)
S(h<t) = S(h<t-1) + log(p(ht|T, h<t—1)),

S(h) = S(h) Length penalty in beam search;

Human does not like over long sentences.

Redundant for recommendation

Bao et al. Decoding Matters: Addressing Amplification Bias and Homogeneity Issue for LLM-based Recommendation. EMNLP 2024. 81



Inference

(3) Improved Constrained Beam Search (D3)
S(h<t) = S(h<t-1) + log(p(ht|T, h<t—1)),

Remove length penalty

]Instruments Books CDs  Sports Toys Games

Baseline | 0.1062 __ 0.0308 00956 0.1171 0.0965 0.0610 :
mb Imp when removing

e 0.1111 0.0354 0.1190 0.1215 0.1025 0.0767
- RLN 0.1093 0.0353  0.1000 0.1200 0.0975 0.0659
- TFA 0.1086 0.0309 0.1115 0.1192 0.1006 0.0732

Bao et al. Decoding Matters: Addressing Amplification Bias and Homogeneity Issue for LLM-based Recommendation. EMNLP 2024. 82



Inference

(4) Dense Retrieval Grounding (BIGRec)

al T ) .

el | Language - . - | IRGEEIUTHERTELL) Actual Item -
| Space - ° . | RLELE Space 2
& : € G 5
Pl - an AI language model, I -

=) don’ t have access to your ‘ A g
gn personal preferences... - G g‘
d ) 3

ﬂ . (@yon Man A(Sich’ua.n dialect) Enetizding g:
80 ouching Tiger, Hidden - 1 o
N k) T ”

) @ ° Large Language @ Actual item
Model Output @ Hypothetical item

Retrieve real items by generated text

Bao et al. A Bi-Step Grounding Paradigm for Large Language Models in Recommendation Systems. TORS.



Part 1: LLM as Sequential Recommender

(1) Early efforts: using LLMs in a zero-shot setting

(2) Aligning LLMs for recommendation

(Multi-task) instruction tuning
(3) Training objective: SFT, DPO, RL;

Inference: (constrained) beam search, retrieval;

84



Application 1:
LLM as Conversational Recommender

85



Conversational Recommender System (CRS)

e Recommendations with multiple turns conversation
e [nteractive; engaging users in the loop

z [ I want to buy a laptop. J

Item: T-shirt
Price: $20 e
Item: Computer Sufficient instructions g

— Price: $1800 & Explicit preferences
@ ‘ OK, I will recommend Macbook @

900

Sure, which OS do you use?
Windows or MacOS?

MacOS will be good. It should be
suitable for video editing tasks.

A
B (=

Item: Shoe : ; :
Price: $80 Pro with M2 chips to you. [Link]

Scroll Down
& Click

More user efforts .
Item: Socks PN
Price: $2 o

Conventional List-wise

Recommender Systems .
Sounds great!

It seems too expensive, do you
have other recommendations?

g

)

Yeah, Macbook Air with M2 chips
also provides good abilities.

&

Chen et al. All Roads Lead to Rome: Unveiling the Trajectory of Recommender Systems Across the LLM Era. arXiv.2407.10081 86



Paradigms of CRS before the era of LLM

Features: Task-specific conversational recommenders,
trained on limited conversation data.
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Paradigms of CRS before the era of LLM

Features: Task-specific conversational recommenders,
trained on limited conversation data.

e Lack of world knowledge.
e Requirement of complicated strategies.
e |ack of generalization capabilities.
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Example

LLM as conversational recommender

@ 3

https://www.amazon.com/Rufus/ 89



LLM as Conversational Recommender

LLMs as zero-shot CRS

U B ]

[User]: | love Back to the Future, any recommendations?
You would love Terminator! :[System]
[User]: Whois in it?
Arnold Schwarzenegger! :[System]
[User]: Did they make a new Terminator?
Yes, there is a new Terminator movie. :[System]
Have you seen the trailer for it?
[User]: |also need a sci-fi movie with my family,
it should be lighthearted and enjoyable.

Pretend you are a movie
recommender system. I will
give you a conversation
between a user and you (a
recommender system).

T 7

Based on the conversation,
you reply me with 20
recommendations without
extra sentences.

—F — f.
@

Here is the conversation:
r

1

7S

[BLANK] :[System] )

Prompting

U b WN R

Guardians of the Galaxy
The Lego Movie

Men in Black

WALL-E

The Fifth Element ...

O

. MOVIE_320442
. MOVIE_352933
. MOVIE_435849
. MOVIE_235802
. MOVIE_239823 ...

Uus WN R

Processing

How powerful are LLMs for zero-shot CRS?

He et al. Large Language Models as Zero-Shot Conversational Recommenders. CIKM 2023.
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LLM as Conversational Recommender

LLMs as zero-shot CRS
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Can surpass traditional CRSs!

g

He et al. Large Language Models as Zero-Shot Conversational Recommenders. CIKM 2023.



LLM as Conversational Recommender

LLMs as zero-shot CRS

INSPIRED ReDIAL

Reddit

INSPIRED ReDIAL Reddit
| —l 1 —l

| —l

Towards better LLM-based CRS?

Trivial 51

2 w oy
2262
g QQ
Q ¥ X F
-4 =

Can surpass traditional CRSs!

He et al. Large Language Models as Zero-Shot Conversational Recommenders. CIKM 2023.
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LLM as Conversational Recommender

+ Demonstration

Conversation History

2 Good Evening.

o
= ?
Hi. How can | help you?

Hi. I'm in mood of horror.
Can you recommend me some
creepy and scary movies? I'm
really interested in some thing
like the new Annabelle (2013).

Traditional Approach

Conversation History

Demonstration-augmented CRS

Conversation History

Retrieved Demonstrations

£ Example 1 w
@ Hi. I'm looking for a movie g

recommendation.

It's good time to watch
horror movies.

Hello. What kinds of
ovies do you like ?

Can you recommend me
some horror movies such as The
Conjuring (2013) ?

specific recommendations ?

Then | would
recommend you to watch
IT (2017). It is a scary

'
\
|
|
|
|
|
\
|
.
i g Sure. Do you have any

|
|
|
]
( |
1
| recommend you to '
check The Nun (2018) which is| :
also directed by James Wan. i

v

{ movie with good plots. b

Prompting with
previously successful
conversation

Traditional CRS Models

I have not seen that movie
e before.

Then you should watch The Nun (2018) and IT (2017).
They are very good scary movies

Dao et al. Broadening the View: Demonstration-augmented Prompt Learning for Conversational Recommendation. SIGIR 2024.

' Relevant conversation

history helps!
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LLM as Conversational Recommender

+ Knowledge graph

User Preference

&) E TN pree— N RPN Recommendation-spe
O ) P

( conventional CRS |

e\ =meser | CIfIC KNnOWledge graph

' F{[ ] 2 % helps

Graph Encoder Explainable
Knowledge Graph [ Xp!
\ ) User Preference

Our Solution

Qiu et al. Unveiling User Preferences: A Knowledge Graph and LLM-Driven Approach for Conversational Recommendation. arXiv:2411.14459 94



LLM as Conversational Recommender

+ Collaborative information

Item Pop. From Data

The Dark

Q Knight

Black
Panther

I
IR

Item Pop. From LLMs

(a) Before RTA

Item Pop. From Data

The Dark

Knight <

Black
Panther .~

|

7

Item Pop. From LLMs

(b) After RTA

Collaborative information
(e.g., popularity) helps LLMs
fit the real distribution in CRS

He et al. Reindex-Then-Adapt: Improving Large Language Models for Conversational Recommendation. WSDM 2025. 95



LLM as Conversational Recommender

Challenges - Datasets

Public datasets for CRS are limited, due to the
scarcity of conversational products and real-world
CRS datasets

96



LLM as Conversational Recommender

Challenges - Evaluation

Traditional metrics like NDCG and BLEU are often
insufficient to assess user experience

)/



LLM as Conversational Recommender

Challenges

What is the form of LLM-based CRS products?

ChatBot? Search bar? Independent App?

98



Application 1:
LLM as Conversational Recommender

(1) LLMs are promising backbone models for CRS
(2) Challenges in LLM-based CRSs:

dataset, evaluation, and product

96



Application 2:
LLM as User Simulator

100



LLM as User Simulator

Generative agents for recommendation

(Rec

ecommendation

Algorithm

3 > Next Page

Page-by-Page Recommendation

Movie Profile

Quality ( Popularity

Movie Summary

User Profile

Conformity

Unique Tastes

Spider-Man: Into the Spider-Verse
(2018)

4 Quality: 4.19 Popularity: 174 views
Summary: Miles Morales gains

LSien superpowers after being bitten by
a spider and becomes the unique
Spider-Man.

Iron Man (2008)

Quality: 3.82 Popularity: 261 views
Summary: Billionaire engineer Tony
Stark creates a unique weaponized
suit of armor to fight evil.

i N
N
Memory
Retrieval
I

Profile Module
Memory Module

=
Action Module

Diversity

Memory
Writing

'4\
Feeling
Interview

Realworld-like
simulation paradigm

e 1000 users
e Page-by-page

simulation

Zhang et al. On generative agents in recommendation. SIGIR 2024.
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LLM as User Simulator

Generative agents for recommendation

203 o
5 £ 0.4
= s
£ e
go2 g
3 S0.2
13 S
[-o [-»
0.1
0.0
i 2 3 ] 5 i 2 3 g 5
Rating Rating

(a) Distribution on MovieLens (b) Agent-simulated distribution

0 200 400 600 800
(a) Ground-truth diversity

100

_-
>

u
Sdiv

S N s ®

AR |
0 200 400 600 800 100

(b) Simulated diversity

Aligned user preferences
& Recommender evaluation

Table 2: Recommendation strategies evaluation.

‘ Pview Nlike Plike Nexit Ssat
Random 0.312 33 0.269 2.99 2.93
Pop 0.398 4.45 0.360 3.01 3.42
MF 0.488 6.07* 0.462 3.17* 3.80
MultVAE 0.495 5.69 0.452 3.10 3.75
LightGCN | 0.502* 573 0.465* 3.02 3.85"

Zhang et al. On generative agents in recommendation. SIGIR 2024. 102



LLM as User Simulator

AgentCF

- Agents for both users and items

- Co-optimized by real
collaborative filtering signals
(user-item interactions)

- Memory updated by reflection

Zhang et al. AgentCF: Collaborative Learning with Autonomous Language Agents for Recommender Systems. WWW 2024.

'Language TERY M,
iFeedback

2
Real World: ‘9‘ Bought

Traditional Recommender

¢ Pul  :¥ %
[
T " U

Grad. based Optimization
AgentCF

—————————————————————————————

Autonomous

Interaction :

M | A

Collaborative

Reflection'’
I a
,,,,, —olg b —
@ B / e
— @\ N&f. Preference
)

", Propagation

N &
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LLM as User Simulator

+ Social behaviors

4 [ Recommendation I N [Oneto one chatting]

[One to many posting]

romantic or mystery

el Q\ L Recommendation
Actually, I recently watched j §?f!a'l'r'{?l'a't!?? """"""""""" C h at

areally unique movie called “ I'm feeling anxious today,
(2 <A Chef in Love>, but it's PV but watching a good comedy

| ]
definitely worth checking always helps me feel better! N et O k
out if you're looking for (A) Any recommendations? W r I n g
a something different 9
emory M
ﬁ Write ﬁ
(1) Produce Feelings “ “ “ “

“K““/k(B) © ® ® )

Tommie and Eve are close friends

Hi Tommie, have you
watched any good

Results Return dﬁ

Recommender

1

Movie Selection

Wang et al. When Large Language Model based Agent Meets User Behavior Analysis: A Novel User Simulation Paradigm. TOIS 2025. 104



LLM as User Simulator

+ Multi-facet simulation objective

Candidate item i,

Historical interactions h

Ensemble Simulation

Positive items Ipos Negative items foq
A ) i

Matching fmat\

Similarity fsim
00:00

Statistic f;q
| 9

Inference y,

Category matching
Fine-grained similarity
Statistic information

Zhang et al. LLM-Powered User Simulator for Recommender System. AAAI 2025.
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LLM-based Generative Rec

(1) Tokenize actions by text
Pros: distribution naturally aligned with LLMs
Cons: inefficient

(2) From zero-shot to instruction tuning
Training objectives: SFT, DPQO, RL, ...
Inference: constrained beam search, retrieval

(3) Applications
Conversational RS, User Simulator
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