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RUTGERS
Outline

» Background and Introduction

 Large Language Models for Recommendation

* Trustworthy LLMs for Recommendation

* Hands-on Demo of LLM-RecSys Development based on OpenP5
« Summary
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Recommender Systems are Everywhere

* Influence our daily life by providing personalized services
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Technical Advancement of Recommender Systems

* From S'\allow Model, to Deep Model, and to Large Model

ShaIIow) f Deep ) f Large

Models J 'L Models J 'L Models

.
e.g. Matrix Factorization [1] e.g. Deep & Wide NN [2] e.g. P5[3]
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Position Emb. | <p1> <p2>‘ <p3> ‘ <p4> | <p5>  <p6> |<p7> <p8> | | <p9> | <plO> <pll>| <pl2> (<p13> <pl4>| |<pl5> <pl6>
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[1] Koren, Yehuda, Robert Bell, and Chris Volinsky. "Matrix factorization techniques for recommender systems." Computer 42, no. 8 (2009): 30-37.

[2] Cheng, Heng-Tze, Levent Koc, Jeremiah Harmsen, Tal Shaked, Tushar Chandra, Hrishi Aradhye, Glen Anderson et al. "Wide & deep learning for recommender systems.” DLRS 2016. 4
[3] Geng, Shijie, Shuchang Liu, Zuohui Fu, Yinggiang Ge, and Yongfeng Zhang. "Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & Predict Paradigm (P5)." RecSys 2022.
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Objective Al vs. Subjective Al

« Recommendation is unique in the Al family
« Recommendation is most close to human among all Al tasks
« Recommendation is a very representative Subjective Al
* Thus, leads to many unique challenges in recommendation research

Objective Al Subjective Al
Computer Vision NLP Recommendation
(Relatively) far from human. Very close to human.
Problems have exact answers. Problems have no absolute answers.

v X ?,
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Computer Vision: (mostly) Objective Al Tasks

Objective Al Subjective Al
Computer Vision NLP Recommendation
Image Classification Image Segmentation Object Detection

\
&,
Husky like a wolf
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NLP: partly Objective, partly Subjective

Objective Al

Computer Vision

Syntactic Analysis
S

AN\

‘ P

DET VERB NP PP ADVP |

There is DET NOUN ADP

N
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no asbestos in PRON NOUN now

our  products

Word Segmentation

Words: X — BB M XE
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(zheéshi ylpian yOuqu de wénzhang)

NLP

Subjective Al

Recommendation

Dialog Systems

@ Can you find me a mobile phone on Amazon?
Sure, what operating system do you prefer? é}

@ I want an Android one.
OK, and any preference on screen size? é}

@ Better larger than 5 inches.
Do you have requirements on storage capacity? @

@ I want it to be at least 64 Gigabytes.
And any preference on phone color? @

@ Not particularly.
Sure, then what about the following choices? é}

EREIIE

@ I don't like them very much...
OK, do you have any preference on the brand? @
@ Better be Samsung or Huawei.
Any requirement on price? é}
@ Should be within 700 dollars.
OK, then what about these ones? é}

Bz 2B

@ Great, | want the first one, can you order it for me?

Sure, I have placed the order for you, enjoy! é}
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Recommendation: mostly Subjective Al Tasks

Objective Al Subjective Al
Computer Vision NLP ‘Recommendation
Movie Recommendation Product Recommendation

@ Recommend‘

': !Recommend‘
i G
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Recommendation is not only about Item Ranking

* A diverse set of recommendation tasks
» Rating Prediction
* [tem Ranking
» Sequential Recommendation
» User Profile Construction
 Review Summarization
« Explanation Generation
* Fairness Consideration
 etc.
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Example: Subjective Al needs Explainability

* Obijective vs. Subjective Al on Explainability

Objective Al Subjective Al
Human can directly identify if the
Al-produced result is right or wrong

Human can hardly identify if the Al-produced result is right or wrong. Users are very
vulnerable, could be manipulated, utilized or even cheated by the system

Forrest
Gump

®

@ Can you find me a mobile phone on Amazon?
Sure, what operating system do you prefer? é}
@ I want an Android one.
OK, and any preference on screen size? é}
@ Better larger than 5 inches.
Do you have requirements on storage capacity? @
@ I want it to be at least 64 Gigabytes.
And any preference on phone color? é}
@ Not particularly.
Sure, then what about the following choices? é}

5] R

@ I don’t like them very much...
OK, do you have any preference on the brand? é}

@ Better be Samsung or Huawei.
Any requirement on price? é}

(@) Should be within 700 dollars.
OK, then what about these ones? @

M= cili o

TITANIC

@ Great, I want the first one, can you order it for me?
L Sure, I have placed the order for you, enjoy!

Nothing is definitely
right or wrong.

Highly subjective, and
usually personalized.

10
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Example: Subjective Al needs Explainability

* In many cases, it doesn’'t matter what you recommend, but how you explain your recommendation
 How do humans make recommendation?
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Can we Handle all RecSys tasks Together?

* A diverse set of recommendation tasks
» Rating Prediction
* [tem Ranking
» Sequential Recommendation
» User Profile Construction
 Review Summarization
« Explanation Generation
* Fairness Consideration
 etc.

* Do we really need to design thousands of recommendation models?
« Difficult to integrate so many models in industry production environment
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RUTGERS
A Bird’s View of Traditional RecSys

* The Multi-Stage Filtering RecSys Pipeline

(73 B,
RSN - /7

tens of millions

user history and context

H tens of thousands \i\
| O O A hundreds A
i O O i O O f A id millions| candidate [hundreds i dozens - Y
O | O O O ; O O O | cvcirsgs generation >| ranking i}
0% {0501 00, O v —>
. .0 10 ' .
O o ! Reranking /
i O Ranking video
v — other candidate sources features
re-Ranking
Matching Youtube recommendation engine
Image credit to [1] Image credit to [2]

[1] Jiang, Biye, Pengye Zhang, Rihan Chen, Xinchen Luo, Yin Yang, Guan Wang, Guorui Zhou, Xiaogiang Zhu, and Kun Gai. "DCAF: A Dynamic Computation Allocation Framework for Online Serving System." DLP-K% 2020.
[2] Covington, Paul, Jay Adams, and Emre Sargin. "Deep neural networks for youtube recommendations." In Proceedings of the 10th ACM conference on recommender systems, pp. 191-198. 2016.
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Discriminative Ranking

» User-item matching based on embeddings

sScore score
' Matchlng Functlo é% ( >
Matching < @
Function

@@@ g@@ Image credit to [1]
© O O) (Q C )

a b c \4
f(uabcv u: aVbAﬂc—»v

Matchmg Models Sequential Models Reasoning Models

* Discriminative ranking loss function
 €.g., Bayesian Personalized Ranking (BPR) loss

maximize Z Ino(Zuij) — Ao||O||? where: X,;; = Puldi — puq]T

PED«
(u,i,j)EDs 14

[1] Chen, Hanxiong, Shaoyun Shi, Yungi Li, and Yongfeng Zhang. "Neural collaborative reasoning." In Proceedings of the Web Conference 2021, pp. 1516-1527. 2021.
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Problem with Discriminative Ranking

* Huge numbers of users and items
 Amazon: 300 million customers, 350 million products®
* YouTube: 2.6+ billion monthly active users, 5+ billion videos™™

* We have to use multi-stage filtering: Simple rules are used at early stages,
advanced algorithms are only applied to a small number of items at later stages

tens of millions

user history and context

f tens of thousands \l\

E O o ! hundreds

O e 18

: O | O : A > 2 s
i O ! O O O O O video |millions| candidate |hundreds King L2070
: O 0 O © ! OO0t O ; corpus generation > renns ol

1 O : 55 O . > .
e © Reranking

: O :

© O Ranking

! video

v Pre-Ranking other candidate sources features

Matching

« Too many candidate items, difficult for evaluation
« Many research papers use sampled evaluation: 1-in-100, 1-in-1000, etc.

*https://sell.amazon.com/blog/amazon-stats, and https://www.bigcommerce.com/blog/amazon-statistics/
**https://www.globalmediainsight.com/blog/youtube-users-statistics/
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Large Language Models (LLMs)

» Auto-regressive decoding for generative prediction

o EWl”um“ry fHs fardG PTG M burasic3y  (Claddm
Summarization Tree LLaMA T\
The picture appeared on the wall of a @23 oy oo ey
Poundland store on Whymark Avenue [...] How e (Ltd soace] Galactica sy LM.ve-
would you rephrase that in a few words? qgs ° p— S
arro
Sentiment Analysis Graffiti artist Banksy 24
- - is believed to be Closed-Source Be ERO tinendG
Review: We came here on a Saturday night behind [...] b De PG
and luckily it wasn't as packed as I |~ [Chinchilld
thought it would be [...] On a scale of 1 “5""‘“5 (GPT-NeoX(a]
to 5, I would give this a
@2 @@ W N l 'mA el
Question Answering \ urassic-1/A2!
I know that the answer to “What team did o ol

finished the regular season [...]". Can
you tell me what it is?

the Panthers defeat?” is in “The Panthers . . ; GPT-Neo(s)
Arizona Cardinals c
2021
N BART]s
o
ooy

s PT-3G

Multi-task training 2020 2 ﬁ

————————————————————————————————————————————————————————————— P source 114
Zero-shot generalization - < XLNetlc) Ciad sorcn 11 :635
Natural Language Inference GPT-2G)] S
2019 3 A
Suppose “The banker contacted the professors G 3 |0

and the athlete”. Can we infer that "The Nz ¥ T PT-1c) s os
banker contacted the professors"? 2028 6 o
5 2 |
7 9 G
Image credit to [1] Image credit to [2]
[1] Sanh, Victor, Albert Webson, Colin Raffel, Stephen H. Bach, Lintang Sutawika, Zaid Alyafeai, Antoine Chaffin et al. "Multitask prompted training enables zero-shot task generalization.” ICLR 2022. 16

[2] Yang, Jingfeng, Hongye Jin, Ruixiang Tang, Xiaotian Han, Qizhang Feng, Haoming Jiang, Bing Yin, and Xia Hu. "Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond." arXiv preprint arXiv:2304.13712 (2023).
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Generative Pre-training and Prediction

» Generative Pre-training
» Generative Loss Function
» Use the previous tokens to predict next token

Ll(U) = ZlOg P(ui|ui_k, ey Uj—1, @)

. Generative Prediction
« Beam Search

 Using finite tokens to represent (almost) infinite items

/5
et
Output z lﬁ =|EE)
Probabiities il FE)
1956 4
\4/(’;8,4?[\'3‘\&/
—
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Feed
Forward
' Add & Norm |:
£d & Norm Multi-Head
Feed Attention
Forward 7 2 Nx
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Nix Add & Norm
f‘" Add & Norm | Masked
Multi-Head Multi-Head
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At 4
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Positio.nal D @ Positional
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Input Qutput
Embedding Embedding
i 1 Image credit to [1]
Inputs Outputs

* e.g., 100 vocabulary tokens, ID size 10 => #items = 100710=10220 ™™™ Image credit to [2]

» # of candidate tokens at each beam is bounded

 No longer need one-by-one candidate score ]
calculation as in discriminative ranking

 Directly generate the item ID to recommend

A
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[1] Vaswani, Ashish, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, tukasz Kaiser, and lllia Polosukhin. "Attention is all you need." Advances in neural information processing sys%e7ms 30(2017).

[2] https://d2l.ai/chapter_recurrent-modern/beam-search.html



EB
e
3,@

S
{;(‘
2 ol

RUTGERS
Generative Ranking
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* From Multi-stage ranking to Single-stage ranking
 The model automatically considers all items as the candidate pool

 Fixed-size item decoding
* e.g., using 100 tokens (00)(01)...(99) for item ID representation

(23) (68) (/s)

Bidirectional Text Encoder $ Autoregressive Text Decoder
Given the interaction history of user_235: item_ 5678, item 8265, item 521, (s) (23) (68)

item 2235, item_750, what to recommend next for the user?
Answer: item_2368

18
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Generative Recommendation with Beam Search

. Since item IDs are tokenized (e.g., [“item”, “_”, “73”, “91”]), beam search
IS bounded on width
« E.g., 100 tokens width: (00), (01), (02), ..., (98), (99)

» Assigning an item a token as in traditional recommendation is infeasible for LLM
« Consume a lot of memory and computationally expensive

Item Set
e ] S5 WY e = CTTTmmmmSmsssssmsmmmmmmmmmmo
E ID Set E <::| . ﬁ E - BN -.”f ﬁ fo'.o‘;; . E oken Se E
i [E]E]E]E]EIEI--J 5 el : 3 :
1
1

! ' Index Set Index Set :
ek st G o RS RN G Il CRORSRECIE)
' 1 o v . - - . . . N ! S
: | [ 88 BB B S B @ ). [ 3
%:.:E };E:“: —— . . . . . o . . - . . 1
ﬁ JIE! Recall
1 E
E; E Pre. k
B!;\ Generati
o oLe] Rank
I_; ’{E Rel k
' " —_ ' Traditional Generative
D ' Recommendation Recommendation

19
[1]Li, Lei, Yongfeng Zhang, Dugang Liu, and Li Chen. "Large Language Models for Generative Recommendation: A Survey and Visionary Discussions." arXiv preprint arXiv:2309.01157 (2023).
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Recommendation
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How to Categorize LLM-based Recommendation

 Whether to Fine-tune LLM for Recommendation or Not
* With Fine-tuning [1]
* Without Fine-tuning [2]

* The Role of LLM in Recommendation
* LLM as RecSys [1]
 LLM in RecSys [3]
* e.g., LLM as a feature extractor for recommender systems
* RecSys in LLM [4]
* e.g., LLM-based Agents, where RecSys is used as on of the tools
 Typical Recommendation Tasks [1]
« Rating Prediction, Sequential Recommendation, Direct Recommendation, ...

[1] Geng, Shijie, Shuchang Liu, Zuohui Fu, Yinggiang Ge, and Yongfeng Zhang. "Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & Predict Paradigm (P5)" RecSys 2022.
[2] Liu, Junling, Chao Liu, Renjie Lv, Kang Zhou, and Yan Zhang. "Is chatgpt a good recommender? a preliminary study." arXiv preprint arXiv:2304.10149 (2023).

[3] Lin, Jianghao, et al. "How Can Recommender Systems Benefit from Large Language Models: A Survey." arXiv preprint arXiv:2306.05817 (2023).

[4] Wang, Yancheng, Ziyan Jiang, Zheng Chen, Fan Yang, Yingxue Zhou, Eunah Cho, Xing Fan, Xiaojiang Huang, Yanbin Lu, and Yingzhen Yang. "Recmind: Large language model powered agent for
recommendation." arXiv preprint arXiv:2308.14296 (2023).
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Two Broad Categories of Recommendation Tasks

Prediction Tasks

Top-K Recommendation Rating Prediction

A user recently watched movies: Here is the movie rating history of a

user:
. o

Based on the watch history, please 80 92 98
recommend five candidate movies

[User]: I recently watched a science
fiction movie named Inferstellar

78] @ @ @ Please recommend some ... to me.

Based on the above rating history of
this user, please rate a movie named
John Wick: Chapter 4 with a range

that the user might be interested in
from the following list:

[User]: ......

of 1-10 points. [User]: But I don't like ... because ...

Could you recommend other ... .

006
N

Generation Tasks

Explanation Generation

A new movie named The Godfather
Part II 1s recommended to a user,

who has recently watched movies:

2, (Eg sz
& .

Please explain why this new movie is
recommended to the user.

R

—

Large Language Models (LLMs)

Chat6PT ﬁ 6PT-J for Recommender Systems

mLLaMA Vicuna °**°

Based on the watch history, I assume  The movie John Wick: Chapter 4 has [LLM]: Sure! Here are some ...
this user is interested in movies of the similar ... to ... movie in the rating recommended to you: ... .
... genres and ... actor/actress. Here history.

are the top five candidate movies: [LLM]: ......

Thus, the rating is likely to be 9.0.

©0000

[LLM]: My apologies! Here are ... .

Image credit to [1]

[1] Fan, Wenqi, et al. "Recommender systems in the era of large language models (llms)." arXiv preprint arXiv:2307.02046 (2023).

g

This new movie is recommended to
the user because the ... features of
this new movie are similar to the ...
of movies that recently watched by
this user. Thus, the user may want to
watch the recommended new movie.

22
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Typical Recommendation Tasks

* LLM usually can perform multiple recommendation tasks
« e.g., P5[2], POD [3], InstructRec [4]

Rating Prediction Top-N Recommendation Sequential Recommendation Explainable Recommen- Review Review Sum- Conversational
dation Generation marization Recommendation
P5 [Geng et al,  P5|[Geng et al,2022c], UP5 [Huaer  P5 [Geng et al., 2022c], UP5 [Hua et al,  P5 [Geng et al., 2022c], - P5 [Geng et  M6-Rec [Cui er
2022¢], BookGPT al., 2023al, VIPS [Geng er al., 2023], 2023al, VIPS [Geng et al., 2023], OpenP5 [Xu VIP5 [Geng et al., 2023], al., 2022cl], al., 2022], Re-
[Zhiyuli et al,  OpenP5 [Xu et al., 2023], POD [Li et al., 2023], POD [Li et al., 2023c], GenRec ~ POD [Li et al., 2023cl, LLMRec [Liu ~ cLLM [Friedman
2023], LLMRec et al., 2023c], GPTRec [Petrov and  [Jieral.,2023], GPTRec [Petrov and Macdon- ~ PEPLER [Li er al., etal.,2023bl, et al, 2023],
[Liu ef al., 2023b],  Macdonald, 2023], LLMRec [Liu e  ald, 2023], LMRecSys [Zhang er al., 2021],  2023b], M6-Rec [Cui er RecMind Chat-REC [Gao er
RecMind [Wang  al., 2023bl, RecMind [Wang er al.,  NIR [Wang and Lim, 2023], PALR [Chen,  al., 2022], LLMRec [Liu [Wang et al.,  al., 2023], [Wang
et al, 2023bl, 2023bl, [Zhang et al., 2023a; Zhang 2023], LLMRec [Liu er al., 2023b], RecMind et al., 2023b], RecMind 2023b], [Liu et al, 2023a;
[Liu et al., 2023a; et al., 2023b; Liu et al., 2023a; Li et [Wang er al., 2023b], BIGRec [Bao ef al., [Wang er al, 2023bl, et al.,2023al Lin and
Dai et al., 2023] al., 2023f; Dai e al., 2023] 2023al, [Hua er al., 2023b; Liu ef al., 2023a; ~ KnowRec [Colas er al., Zhang, 2023;

Hou et al., 2023b; Zhang et al., 2023b] 2023], [Liu et al., 2023al He et al., 2023]

Image credit to [1]

[1] Li, Lei, Yongfeng Zhang, Dugang Liu, and Li Chen. "Large Language Models for Generative Recommendation: A Survey and Visionary Discussions." arXiv preprint arXiv:2309.01157 (2023).
[2] Geng, Shijie, Shuchang Liu, Zuohui Fu, Yinggiang Ge, and Yongfeng Zhang. "Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & Predict Paradigm (P5)." RecSys 2022.

[3] Li, Lei, Yongfeng Zhang, and Li Chen. "Prompt Distillation for Efficient LLM-based Recommendation." CIKM 2023.
[4] Zhang, Junjie, et al. "Recommendation as instruction following: A large language model empowered recommendation approach." arXiv preprint arXiv:2305.07001 (2023).

23
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\w
The PS5 Generative Recommendation Paradigm
« P5: Pretrain, Personalized Prompt & Predict Paradigm [1]
Sequential Recommendation
1 find the purchase history list of user_15466:
e L
e Learns multiple recommendation tasks Rating Prediction
together through a unified sequence-to- [wmsrarrmngdoyoummkuser_zswmgn-veitem_m.»
Sequence framework Explanation Generation
[‘éfﬁi?::%@ifd‘:‘:yé;ii“fi‘fﬁifoi:?éfs"‘élé‘“éii‘l’if Retal Packaging } P5 [ﬁ&iﬂﬁéﬁ?&?“‘ "m‘“]

e Formulates different recommendation Ceviow Summarisation

p rO b I e m S aS p rO m pt_ based n at U ral Give a short sentence describing the following product review from
Mom of 3 yo girl:
|an g u ag e taS kS First it came with the packaging open and then as soon as my son broke immediately

took it out it was so easily broken. Hopefully a little glue will fix it.

N\

Direct Recommendation

) U sSer- item i nfo rm ation and cO rrespo ] d i ] g Pick the most suitable item from the following list and recommend B

to user_250 :\n 4915, 1823, 3112, 3821, 3773, 520, 7384,
H : ; 7469 , 9318 , 3876 , 1143 , 789 , 595 , 3824 , 3587 , 10396 , 2766 ,
features are integrated with personalized | 755283576, 1143.769 . s05 sa2, 3587, 10356,
6469 , 9460 , 6956 , 9154

prompts as model inputs J

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

24
[1] Geng, Shijie, Shuchang Liu, Zuohui Fu, Yinggiang Ge, and Yongfeng Zhang. "Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & Predict Paradigm (P5)." RecSys 2022.



RUTGERS (68
Personalization in Prompts

« Definition of personalized prompts
o A prompt that includes personalized fields for different users and items

o User’s preference can be indicated through
-Auser ID (e.g., “user_23”)
- Content description of the user such as location, preferred movie genres, etc.

« Item field can be represented by

o An item ID (e.g., “item_7391”)
- ltem content metadata that contains detailed descriptions of the item, e.g., item category

25
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Personalized Prompt Design

Rating / Review / Explanation raw data for Beauty

user_id: 7641 user_name: stephanie R Whid} star rating will us?r_{{}lser_id}} give item_{{item_id}}? {{star rating}}
item_id: 2051 (1 being lowest and 5 being highest) =
item_title: SHANY Nail Art Set (24 Famouse Colors

Nail Art Polish, Nail Art Decoration)

review: Absolutely great product. I bought this for my fourteen year Based on the feature word {{feature_word}}, generate an

old niece for Christmas and of course I had to try it out, then I explanation for user_{{user_id}} about this product: —_— {{explanation}}
tried another one, and another one and another one. So much fun! {{item_title}}

I even contemplated keeping a few for myself!

star_rating: 5

summary: Perfect!

explanation: Absolutely great product feature_word: product Give a short sentence describing the following product review {{summary}}
[ from {{user_name}}: {{review}}

‘ (a)

Sequential Recommendation raw data for Beauty

user_id: 7641 user_name: Victor [l

purchase_history: 652 -> 460 -> 447 -> 653 -> 654 -> 655 -> 656 -> 8

-> 657 Here is the purchase history of user_{{user_id}}:

next_item: 552 {{purchase_history}} — {{next_item}}
candidate_items: 4885 , 4280 , 4886 , 1907 , 870 , 4281 , 4222 , What to recommend next for the user?

4887 , 2892 , 4888 , 2879 , 3147 , 2195 , 3148 , 3179 , 1951 ,

...... , 1982 , 552 , 2754 , 2481 , 1916 , 2822 , 1325

l

Direct Recommendation raw data for Beauty

user_id: 250 user_name: moriah rose |

target_item: 520

random_negative_item: 9711 Choose the best item from the candidates to recommend for - {{target jtem}}
- — " 3 2 —
candidate_items: 4915 , 1823 , 3112 , 3821 , 3773 , 520 , 7384 , {{Erer name) i {{candldate_ltems}}

7469 , 9318 , 3876 , 1143 , 789 , 595 , 3824 , 3587 , 10396 ,
...... , 2766 , 7498 , 2490 , 3232 , 9711 , 2975 , 1405 , 8051
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Design Multiple Prompts for Each Task

* To enhance variation in language style (e.g., sequential recommendation)

Prompt ID: 2-1

Input template: Given the following purchase history of

user_{{user_id}}:
{{purchase_history}}
predict next possible item to be purchased by the user?

Target template: {{next_item}}
Prompt ID: 2-2

Input template: I find the purchase history list of user_{{user_id}}:

{{purchase_history}}
I wonder which is the next item to recommend to the user. Can you

help me decide?

Target template: {{next_item}}
Prompt ID: 2-3

Input template: Here is the purchase history list of

user_{{user_id}}:
{{purchase_history}}
try to recommend next item to the user

Target template: {{next_item}}

Prompt ID: 2-4
Input template: Given the following purchase history of

{{user_desc}}:
{{purchase_history}}
predict next possible item for the user

Target template: {{next_item}}
Prompt ID: 2-5

Input template: Based on the purchase history of {{user_desc}}:
{{purchase_history}}
Can you decide the next item likely to be purchased by the user?

Target template: {{next_item}}
Prompt ID: 2-6

Input template: Here is the purchase history of {{user_desc}}:
{{purchase_history}}
What to recommend next for the user?

Target template: {{next_item}}
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Multi- Task Pre-training

Sequential Recommendation

I find the purchase history list of user_15466:
4110 -> 4467 -> 4468 -> 4472

I 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?

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

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
took it out it was so easily broken. Hopefully a little glue will fix it.

Direct Recommendation

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

1581

P5

ryou can protect your prescious
kiphone more safe

broke immediately ]

520

28
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Multi- Task Pre-training

‘ <ti1> ‘ <t2>

<t3> ‘ <t4>‘ [<t5> <t6> | <t7> | <t8> <t9>} <t10>’ <ti11> !<t12> <t13> <ti14> <ti15> <ti16>
bt t A T R t t t t t t t t f !
Bidirectional Text Encoder i Autoregressive Text Decoder
t t t t t t t t t t t ! 4 ! : t t t
Token Emb. Iwhat starl Irating do you ||think luser _ ’ 23 ’ will || give l Iiteml | _ l l 73 l l 91 ‘ l ?

+ + y y - - + m
Position Emb. | <p1> \<p2> <p3> | <p4>

<p5> | <p6> | <p7> | <p8> ‘<p9> <pl10> | [ <pll1> <pl2> <pl13> <pld> <pl5> <pl6>

+ + + + + + 4 + + + + + + +

+ +
Whole-word Emb. 1 <wl> | | <w2> | <w3> \ <w4>\ ]<w5> <w6>

<w7> ‘ <w8> ‘ ’ <w9> ‘ <wl10> <wli>

e P5 is pre-trained on top of T5 checkpoints (to enable basic ability for language understanding)

o By default, P5 uses multiple sub-word units to represent personalized fields (e.g., [“item”, “_”, “73”, “91”])

29
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Generative Recommendation with Beam Search

The encoder takes input sequence
The decoder autoregressively generates next words:

lyl

o Autoregressive LM loss is shared by all tasks: £P5 Zlong (vj | y<j»x)
Jj=1

\‘Aséi ABD

- PS5 can unify various recommendation tasks with /@ BN Lo
= £ £
one model, one loss, and one data format ”\ , \

é i CE—/—> i _ CED

- Inference with pretrained P5 \® NG

o Simply apply beam search to generate a list of potential next items Image credit to [1]
o Beam size set to N (N candidates)

30
[1] https://d2l.ai/chapter_recurrent-modern/beam-search.html
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Generative Recommendation with Beam Search

. Since item IDs are tokenized (e.g., [“item”, “_”, “73”, “91”]), beam search
IS bounded on width
« E.g., 100 tokens width: (00), (01), (02), ..., (98), (99)

» Assigning an item a token as in traditional recommendation is infeasible for LLM
« Consume a lot of memory and computationally expensive

Item Set
e ] S5 WY e = CTTTmmmmSmsssssmsmmmmmmmmmmo
E ID Set E <::| . ﬁ E - BN -.”f ﬁ fo'.o‘;; . E oken Se E
i [E]E]E]E]EIEI--J 5 el : 3 :
1
1

! ' Index Set Index Set :
ek st G o RS RN G Il CRORSRECIE)
' 1 o v . - - . . . N ! S
: | [ 88 BB B S B @ ). [ 3
%:.:E };E:“: —— . . . . . o . . - . . 1
ﬁ JIE! Recall
1 E
E; E Pre. k
B!;\ Generati
o oLe] Rank
I_; ’{E Rel k
' " —_ ' Traditional Generative
D ' Recommendation Recommendation

31
[1]Li, Lei, Yongfeng Zhang, Dugang Liu, and Li Chen. "Large Language Models for Generative Recommendation: A Survey and Visionary Discussions." arXiv preprint arXiv:2309.01157 (2023).
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Advantages of P5 Generative Recommendation

* Immerses recommendation models into a full language environment

« With the flexibility and expressiveness of language, there is no need to design
feature-specific encoders

» P5 treats all personalized tasks as a conditional text generation problem

* One data format, one model, one loss for multiple recommendation tasks
* No need to design data-specific or task-specific recommendation models

« P5 attains sufficient zero-shot performance when generalizing to novel
personalized prompts or unseen items in other domains

32



RUTGERS

Rating Prediction:

Sequential Recommendation:

Performance of PS5 under seen Prompts

9ONOH .

Vethod Sports Beauty Toys — Sports Beauty Toys
ethods
AVSE MAE  RMSE  MAE  RMSE  MAE HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10
Caser 00116 00072 00194 00097  0.0205 00131 00347 00176 00166 00107 00270  0.0141
MF 1.0234 07935 11973 09461 10123  0.7984 HGN 00189 00120  0.0313 0.0159 00325  0.0206  0.0512 00266 00321  0.0221  0.0497 0.0277
MLP 11277 07626 13078  0.9597 11215  0.8097 GRU4Rec 00129  0.0086 00204 00110 00164 00099 00283 00137 00097 00059 00176  0.0084
P5-S(1-6) ~ 1.0594 0.6639 13128 0.8428 10746  0.7054 BERT4Rec 00115 00075 00191 00099 00203 00124 00347 00170 00116  0.0071  0.0203  0.0099
P5-B(1-6) 10357 06813 12843 08534 10544 07177 FDSA 00182 00122  0.0288 00156 00267 00163  0.0407 00208 00228  0.0140 00381  0.0189
P5-S 10522 0.6698 12989  0.8473  1.0550 07173 SASRec 00233 00154  0.0350 00192 00387 00249  0.0605 00318 00463 00306 00675  0.0374
P5-B 10292 0.6864 12570  0.5531 10245 0.6931 S3Rec 00251 00161 00385 00204 00387 00244 00647 00327 00443 00294 00700  0.0376
P5-S(2-3) 00272 00169  0.0361 00198 00503  0.0370  0.0659 00421  0.0648 0.0567  0.0709  0.0587
P5-B(2-3) 00364 00206 00431 00318  0.0508 0.0379  0.0664  0.0429 00608 00507 00688  0.0534
P5-S 00258 00159 00346 00188 00490 00358  0.0646 00409  0.0647 00566  0.0705  0.0585
P5-B 0.0387 00312  0.0460  0.0336 00493 00367 00645 00416 00587 00486 00675  0.0536
Explanation Generation:
Sports Beauty Toys
Methods
BLUE4 ROUGE1 ROUGE2 ROUGEL BLUE4 ROUGE1 ROUGE2 ROUGEL BLUE4 ROUGE1 ROUGE2 ROUGEL
Attn2Seq 0.5305 12.2800 1.2107 9.1312 0.7889 12.6590 1.6820 9.7481 1.6238 13.2245 2.9942 10.7398
NRT 0.4793 11.0723 1.1304 7.6674 0.8295 12.7815 1.8543 9.9477 1.9084 13.5231 3.6708 11.1867
PETER 0.7112 12.8944 1.3283 9.8635 1.1541 14.8497 2.1413 11.4143 1.9861 14.2716 3.6718 11.7010
P5-S (3—3) 1.0447 14.9048 2.1297 11.1778 1.2237 17.6938 2.2489 12.8606 2.2892 15.4505 3.6974 12.1718
P5-B (3-3) 1.0407 14.1589 2.1220 10.6096 0.9742 16.4530 1.8858 11.8765 2.3185 15.3474 3.7209 12.1312
PETER+ 2.4627 24.1181 5.1937 18.4105 3.2606 25.5541 5.9668 19.7168 4.7919 28.3083 9.4520 22.7017
P5-S (3—9) 1.4101 23.5619 5.4196 17.6245 1.9788 25.6253 6.3678 19.9497 4.1222 28.4088 9.5432 22.6064
P5-B (3-9) 1.4689 23.5476 5.3926 17.5852 1.8765 25.1183 6.0764 19.4488 3.8933 27.9916 9.5896 22.2178
P5-S 1.3212 23.2474 5.3461 17.3780 1.9425 25.1474 6.0551 19.5601 4.2764 28.1897 9.1327 22.2514
P5-B 1.4303 23.3810 5.3239 17.4913 1.9031 25.1763 6.1980 19.5188 3.5861 28.1369 9.7562 22.3056
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RUTGERS
Performance of PS5 under seen Prompts

Review Summarization:

Sports Beauty Toys
BLUE2 ROUGE1 ROUGE2 ROUGEL BLUE2 ROUGE1 ROUGE2 ROUGEL BLUE2 ROUGE1 ROUGE2 ROUGEL

TO (4-1) 2.1581 2.2695 0.5694 1.6221 1.2871 1.2750 0.3904 0.9592 2.2296 2.4671 0.6482 1.8424
GPT-2 (4-1) 0.7779 4.4534 1.0033 1.9236 0.5879 3.3844 0.6756 1.3956 0.6221 3.7149 0.6629 1.4813
P5-S (4-1) 24962  11.6701 2.7187 10.4819  2.1225  8.4205 1.6676 7.5476  2.4752  9.4200 1.5975 8.2618
P5-B (4-1) 2.6910 12.0314  3.2921 10.7274  1.9325 8.2909 1.4321 7.4000 1.7833 8.7222 1.3210 7.6134

Methods

Direct Recommendation:

Sports Beauty Toys
HR@1 HR@5 NDCG@5 HR@10 NDCG@10 HR@1 HR@5 NDCG@5 HR@10 NDCG@10 HR@1 HR@5 NDCG@5 HR@10 NDCG@10

BPR-MF  0.0314 0.1404 0.0848 0.2563 0.1220 0.0311  0.1426 0.0857 0.2573 0.1224 0.0233  0.1066 0.0641 0.2003 0.0940
BPR-MLP 0.0351 0.1520 0.0927 0.2671 0.1296 0.0317  0.1392 0.0848 0.2542 0.1215 0.0252  0.1142 0.0688 0.2077 0.0988
SimpleX  0.0331 0.2362 0.1505 0.3290 0.1800 0.0325  0.2247 0.1441 0.3090 0.1711 0.0268 0.1958 0.1244 0.2662 0.1469

P5-S (5-1) 0.0638 0.2096 0.1375 0.3143 0.1711 0.0600  0.2021 0.1316 0.3121 0.1670 0.0405  0.1538 0.0969 0.2405 0.1248
P5-B (5-1) 0.0245 0.0816 0.0529 0.1384 0.0711 0.0224  0.0904 0.0559 0.1593 0.0780 0.0187  0.0827 0.0500 0.1543 0.0729
P5-S (5-4) 0.0701  0.2241 0.1483 0.3313 0.1827 0.0862 0.2448 0.1673 0.3441 0.1993 0.0413  0.1411 0.0916 0.2227 0.1178
P5-B (5-4) 0.0299 0.1026 0.0665 0.1708 0.0883 0.0506  0.1557 0.1033 0.2350 0.1287 0.0435 0.1316 0.0882 0.2000 0.1102

P5-S (5-5) 0.0574  0.1503 0.1050 0.2207 0.1276 0.0601  0.1611 0.1117 0.2370 0.1360 0.0440 0.1282 0.0865 0.2011 0.1098
P5-B (5-5) 0.0641 0.1794 0.1229 0.2598 0.1488 0.0588  0.1573 0.1089 0.2325 0.1330 0.0386  0.1122 0.0756 0.1807 0.0975
P5-S (5-8) 0.0567 0.1514 0.1049 0.2196 0.1269 0.0571  0.1566 0.1078 0.2317 0.1318 0.0451 0.1322 0.0889 0.2023 0.1114
P5-B (5-8) 0.0726 0.1955 0.1355 0.2802 0.1627 0.0608  0.1564 0.1096 0.2300 0.1332 0.0389  0.1147 0.0767 0.1863 0.0997

Methods

Observation: P5 achieves promising performances on the five task families when taking seen prompt templates as model inputs
34
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Performance of PS5 under unseen Prompts

Observation: Multitask prompted pretraining empowers P5 good robustness to understand
with wording variations

Sequential Recommendation: Explanation Generation:
Method Sports Beauty Toys thod, Sports Beauty Toys
ethods Methods
HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10 BLUE4 ROUGE1 ROUGE2 ROUGEL BLUE4 ROUGE1 ROUGE2 ROUGEL BLUE4 ROUGE1 ROUGE2 ROUGEL
Caser 00116 00072 0.0194 0.0097 00205 00131  0.0347 00176 00166 00107  0.0270 0.0141 Attn2Seq  0.5305  12.2800  1.2107 9.1312  0.7889 126590  1.6820 97481 16238  13.2245 29942  10.7398
HGN 00189 00120 00313 00159 00325 00206 00512 00266 00321 00221 00497  0.0277 NRT 04793 110723 11304 76674 08205 127815 18543 99477 19084 135231 36708 111867
GRU4Rec 00129 00086 00204 00110 00164 0009 00283 00137 00097 00059 00176  0.0084 PETER 07112 128944 13283 98635 11541 148497 21413 114143 19861 142716 36718 117010
BERT;R“ 00115 100075 00151 10.0099  0.0203 100124 00347 00170 00116 0.0074. 00203 0.0059 P5-S(3-3) 10447 14.9048 21297 111778 12237 17.6938 2.2489  12.8606 2.2892 15.4505  3.6974  12.1718
FDSA 00182 00122 00288 0015 00267 00163 00407 00208 00228 00140 00381 00189 P5-B(3-3) 1.0407 141589 21220  10.609 09742 164530  1.8858  11.8765 2.3185 153474  3.7209  12.1312
SASRec 00233 00154 00350 00192 00387 00249 00605 00318 00463 00306 00675  0.0374 s — e s
S3-Rec 00251 00161  0.0385 00204 00387 00244 00647 00327 00443 00294 00700  0.0376 PETER+ 24627 24.1181 51937  18.4105 3.2606 255541 59668 197168 4.7919 283083 94520  22.7017
P5S(23) 00272 00169 00361 00198 00503 00370  0.0659 00421  0.0648 0.0567 0.0709 00587  P5-S(3-9) 14101 235619 54196  17.6245 19788 25.6253 63678  19.9497 41222 28.4088 95432 226064
P5-B(2-3) 00364 00296 00431 00318  0.0508 0.0379 0.0664  0.0429 00608 00507 00688  0.0534 P5-B(3-9) 14680 235476 53926 175852 18765 251183 60764 104488 38933 27.9916  9.5896 222178
P5-S(2-13) 00258 00159 00346 00188 00490 00358 00646 00409 00647 00566 00705 00585  P5-S 13212 232474 53461 173780 19425 251474 60551 195601 42764  28.1897  9.1327  22.2514

P5-B (2-1- 0.0387 0.0312 0.0460 0.0336 0.0493 0.0367 0.0645 0.0416 0.0587 0.0486 0.0675 0.0536 P5-B (3-12 1.4303  23.3810 5.3239 17.4913 1.9031  25.1763 6.1980 19.5188  3.5861 28.1369 9.7562 22.3056

Direct Recommendation:

Sports Beauty Toys
HR@1 HR@5 NDCG@5 HR@10 NDCG@10 HR@1 HR@5 NDCG@5 HR@10 NDCG@10 HR@1 HR@5 NDCG@5 HR@10 NDCG@10

BPR-MF  0.0314 0.1404 0.0848 0.2563 0.1220 0.0311  0.1426 0.0857 0.2573 0.1224 0.0233  0.1066 0.0641 0.2003 0.0940
BPR-MLP 0.0351 0.1520 0.0927 0.2671 0.1296 0.0317  0.1392 0.0848 0.2542 0.1215 0.0252  0.1142 0.0688 0.2077 0.0988
SimpleX  0.0331 0.2362 0.1505 0.3290 0.1800 0.0325  0.2247 0.1441 0.3090 0.1711 0.0268 0.1958 0.1244 0.2662 0.1469

P5-S (5-1) 0.0638  0.2096 0.1375 0.3143 0.1711 0.0600  0.2021 0.1316 0.3121 0.1670 0.0405  0.1538 0.0969 0.2405 0.1248
P5-B (5-1) 0.0245 0.0816 0.0529 0.1384 0.0711 0.0224  0.0904 0.0559 0.1593 0.0780 0.0187  0.0827 0.0500 0.1543 0.0729
P5-S (5-4) 0.0701  0.2241 0.1483 0.3313 0.1827 0.0862 0.2448 0.1673 0.3441 0.1993 0.0413  0.1411 0.0916 0.2227 0.1178
P5-B (5-4) 0.0299  0.1026 0.0665 0.1708 0.0883 0.0506  0.1557 0.1033 0.2350 0.1287 0.0435 0.1316 0.0882 0.2000 0.1102

P5-S (5-5) 0.0574  0.1503 0.1050 0.2207 0.1276 0.0601  0.1611 0.1117 0.2370 0.1360 0.0440 0.1282 0.0865 0.2011 0.1098
P5-B (5-5) 0.0641 0.1794 0.1229 0.2598 0.1488 0.0588  0.1573 0.1089 0.2325 0.1330 0.0386  0.1122 0.0756 0.1807 0.0975
P5-S (5-¢ 0.0567 0.1514 0.1049 0.2196 0.1269 0.0571  0.1566 0.1078 0.2317 0.1318 0.0451 0.1322 0.0889 0.2023 0.1114
P5-B | 0.0726  0.1955 0.1355 0.2802 0.1627 0.0608  0.1564 0.1096 0.2300 0.1332 0.0389  0.1147 0.0767 0.1863 0.0997 35

Methods




RUTGERS
Easy Handling of Multi-modality Information

* [tem images can be directly inserted into personalized prompts [1]

Sequential Recommendation

| find the purchase history list of user_1035 :

-> 5633 Rj -> 5634

4011

-> 3531 . >5632 (0 ->5603 J

4406 I
r > g B
| wonder what is the next item to recommend to the user . Can you help me decide ? . !
Direct Recommendation
; : : : : = 2 ‘—)( \—/
Pick the most suitable item from the following list and recommend to user_251 : 7162 g/*‘ , 10964 ﬁ i1
o, =i
2 G o T VIP5 | = =ik
,5709 M 326 4, 4541 ,9910 - 2317 =8 , 11615 22 I\
N &
‘ > 4
Explanation Generation
Based on the feature word exercises , generate an explanation for user_45 about this product : Black Mountain Products Good for those small
— —> exercises that one can't
Lo . :
Resistance Band Set with Door Anchor, Ankle Strap, Exercise Chart, and Resistance Band Carrying Case \% do with freeweights

36
[1] Geng, Shijie, Juntao Tan, Shuchang Liu, Zuohui Fu, and Yongfeng Zhang. "VIP5: Towards Multimodal Foundation Models for Recommendation." EMNLP 2023.
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UTGERS

Easy Handling of Multi-modality Information

* [tem images can be converted into visual tokens

Adapter ¢ ] ’
P5 Encoder
XL
(N t £ O N R N (N A A
Token pick the most suitable item for user 25 1 71 62 <il> <i2> s 45 41 <i3> <i4> 23 17 <i5> <i6>
+ + + + + + + + + + + + + + + + + - + + + + + - +
Position <p1> <p2> <p3> <pd> <p5> <p6> <p7> <p8> <p9> <plO> <pll> <pl2> <pl3> <pld4> <pl5> <pl6> <pl7> <pl8> <pl9> <p20> <p21> <p22> <p23> <p24> <p25>
+ + + + + + + + + + + + + + + + + + + + + + + + +
Whole-word <wl> <w2> <w3> <w4> <W5>  <wb> <w7> <w8> <w9> <Wle> <wll> <wl2> <wl3> <wl4> <wl5> <wl6> <w1l7> <wl8> <wl19>
+ + + + + + + + + + + + + + + + + + + + + + + + +
Category <c—text> <c-visual> <c—text> <c-visual> <c—-text> <c-visual>
ii%;/(
Pick the most suitable item for user_251 : 7162 ’é/‘( , 4541 ,2317 Ei'*g - :5 CLIP Image . Mapping .
- m el Encoder Network
Multimodal Personalized Prompt (b) EE’?‘{E

[1] Geng, Shijie, Juntao Tan, Shuchang Liu, Zuohui Fu, and Yongfeng Zhang. "VIP5: Towards Multimodal Foundation Models for Recommendation." EMNLP 2023.

23 17

Adapter ¢

P5 Decoder
XL

<s> 23

VIP5 Model
Architecture

(a)
<il>  <i2>

Visual
Tokens

(©)

<i3> <i4>

<i5> <i6>

37
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Easy Handling of Multi-modality Information

* |tem images can be directly inserted into prompts

« Multi-modality information further improves performance

Method Sports Beauty Sports Beauty
ethocs HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10 Methods HR@1 HR@5 NDCG@5 HR@10 NDCG@10 HR@1 HR@5 NDCG@5 HR@10 NDCG@10
HGN 0.0189 0.0120 0.0313 0.0159 0.0325 0.0206 0.0512 0.0266 BPR-MF 0.0314 0.1404 0.0848 0.2563 0.1220 0.0311 0.1426 0.0857 0.2573 0.1224
SASRec  0.0233 0.0154 0.0350 0.0192 0.0387 0.0249 0.0605 0.0318 BPR-MLP 0.0351 0.1520 0.0927 0.2671 0.1296 0.0317 0.1392 0.0848 0.2542 0.1215
S3-Rec 0.0251 0.0161 0.0385 0.0204 0.0387 0.0244 0.0647 0.0327 VBPR 0.0262 0.1138 0.0691 0.2060 0.0986 0.0380 0.1472 0.0925 0.2468 0.1245
P5(A-3) 0.0272 0.0169 0.0361 0.0198 0.0503 0.0370 0.0659 0.0421 P5(B-5) 0.0574 0.1503 0.1050 0.2207 0.1276 0.0601 0.1611 0.1117 0.2370 0.1360
VIP5 (A-3) 0.0412 0.0345 0.0475 0.0365 0.0556 0.0427 0.0677 0.0467 VIP5 (B-5) 0.0606 0.1743 0.1185 0.2539 0.1441 0.0580 0.1598 0.1099 0.2306 0.1327
P5(A-9) 0.0258 0.0159 0.0346 0.0188 0.0490 0.0358 0.0646 0.0409 P5(B-8) 0.0567 0.1514 0.1049 0.2196 0.1269 0.0571 0.1566 0.1078 0.2317 0.1318
VIP5 (A-9) 0.0392 0.0327 0.0456 0.0347 0.0529 0.0413 0.0655 0.0454 VIPS (B-8) 0.0699 0.1882 0.1304 0.2717 0.1572 0.0615 0.1655 0.1147 0.2407 0.1388
Clothing Toys Clothing Toys
Methods Methods
HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10 HR@1 HR@5 NDCG@5 HR@10 NDCG@10 HR@1 HR@5 NDCG@5 HR@10 NDCG@10
HGN 0.0107 0.0071 0.0175 0.0092 0.0321 0.0221 0.0497 0.0277 BPR-MF  0.0296 0.1280 0.0779 0.2319 0.1112 0.0233 0.1066 0.0641 0.2003 0.0940
SASRec  0.0107 0.0066 0.0194 0.0095 0.0463 0.0306 0.0675 0.0374 BPR-MLP 0.0342 0.1384 0.0858 0.2327 0.1161 0.0252 0.1142 0.0688 0.2077 0.0988
S3-Rec 0.0076 0.0045 0.0135 0.0063 0.0443 0.0294 0.0700 0.0376 VBPR 0.0352 0.1410 0.0877 0.2420 0.1201 0.0337 0.1294 0.0808 0.2199 0.1098
P5(A-3) 0.0478 0.0376 0.0554 0.0401 0.0655 0.0570 0.0726 0.0593 P5 (B-5) 0.0320 0.0986 0.0652 0.1659 0.0867 0.0418 0.1219 0.0824 0.1942 0.1056
VIP5 (A-3) 0.0603 0.0564 0.0632 0.0573 0.0662 0.0577 0.0749 0.0604 VIP5 (B-5) 0.0481 0.1287 0.0890 0.1992 0.1116 0.0428 0.1225 0.0833 0.1906 0.1051
P5(A-9)  0.0455 0.0359 0.0534 0.0385 0.0631 0.0547 0.0701 0.0569 P5(B-8) 0.0355 0.1019 0.0688 0.1722 0.0912 0.0422 0.1286 0.0858 0.2041 0.1099
VIP5 (A-9) 0.0569 0.0531 0.0597 0.0540 0.0641 0.0556 0.0716 0.0580 VIPS (B-8) 0.0552 0.1544 0.1058 0.2291 0.1297 0.0433 0.1301 0.0875 0.2037 0.1110

Sequential Recommendation Performance

Direct Recommendation Performance
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RUTGERS
ChatGPT as Recommender

* Instruct ChatGPT to perform different tasks w/o fine-tuning
* Few-shot or zero-shot settings (w/ or w/o demonstration examples)

4 B

Task-specific Prompt Construction\ ChatGPT as Recommender Output Refinement

- Format Correction
Task Description Fail
Behavior Injection » » @ ST
. Yes No
Format Indicator Pass
)

N
Recommendation Datasets \_ >,
i
% User profiles Item Attributes User-item interaction ‘
5 4 ™

Recommendation Tasks Evaluation

Accuracy-oriented Tasks Objective Evaluation
Rating Prediction Direct Recommendation Sequential Recommendation
Explainability-oriented Tasks Human Evaluation
\ J

39
[1] Liu, Junling, et al. "Is chatgpt a good recommender? a preliminary study." arXiv preprint arXiv:2304.10149 (2023).



RUTGERS (8
ChatGPT on Recommendation Tasks

« Recommendation performance is relatively weak

Direct Recommendation

Sequential Recommendation

Beauty
Methods
—— Beauty HR@5 NDCG@5 HR@10 NDCG@10
ethods
HR@5 NDCG@5 HR@10 NDCG@10 BPR-MF 0.1426  0.0857  0.2573 0.1224
& BPR-MLP 0.1392  0.0848  0.2542 0.1215
aeh R guir 8.0 ik SimpleX 0.2247 0.1441 03090  0.1711
HGN iboZs  G00Ee SO0 0o P5-B 0.1564 01096 02300  0.1332
GRU4Rec 0.0164 0.0099 0.0283 0.0137 ChatGPT(zero-shot)  0.0217  0.0111  0.0652 0.0252
BERT4Rec 0.0203 0.0124 0.0347 0.0170 ChatGPT(few-shot)  0.0349 0.0216 0.0930 0.0398
FDSA 0.0267  0.0163 0.0407 0.0208
SASRec 0.0387  0.0249 0.0605 0.0318 Rating Prediction
S3-Rec 0.0387  0.0244 0.0647 0.0327
P5-B 0.0493  0.0367  0.0645  0.0416 TN Hedngy
ChatGPT(zero-shot)  0.0000 0.0000 0.0000 0.0000 RMSE ~ MAE
ChatGPT(few-shot)  0.0135 0.0135 0.0135 0.0135 MF 1.1973  0.9461
MLP 1.3078  0.9597

ChatGPT(zero-shot)  1.4059 1.1861
ChatGPT(few-shot)  1.0751  0.6977

40
[1] Liu, Junling, et al. "Is chatgpt a good recommender? a preliminary study." arXiv preprint arXiv:2304.10149 (2023).
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* Performance with automatic metrics is bad
» Rated highly by human evaluators
« Existing metrics (BLEU and ROUGE) overly stress the matching between generation
and ground-truth [2]
Explanation Generation Review Summarization
B
Metiods BLUE4 ROUGElealII{:)yUGEz ROUGEL Methods —
BLUE4 ROUGE1 ROUGE2 ROUGEL
Attn2Seq 0.7889  12.6590  1.6820  9.7481
NRT 0.8295  12.7815 1.8543 9.9477 TO 1.2871 1.2750 0.3904 0.9592
PETER 1.1541  14.8497  2.1413  11.4143 GPT-2 0.5879  3.3844 0.6756 1.3956
P5-B 0.9742 164530  1.8858  11.8765 P5-B 21225  8.4205 1.6676 7 5476
PETER+ 3.2606 25.5541 5.9668  19.7168
ChatGPT(zero-shot) 0.0000 85992 P s ChatGPT(zero-shot)  0.0000 3.8246 0.2857 3.1344
ChatGPT(few-shot)  1.1967 114103  2.5675  5.9119 ChatGPT(few-shot)  0.0000  2.7822 0.0000 2.4328
s 3 e Methods Evaluators avg_topl_ration avg_position
Methods T s e T avg_topl_ration avg_position Eva1 Eva 2 Eva3 Eva4 Evas -
v _ ‘ Ground truth 12.5% 10.6% 8.7% 17.3% 22.1% 14.2% 2.91
Ground truth 25.0% 45.0% 45.0%  50.0% 38.0% 1.83 i e b s aE it s i
P5 0.0%  0.0%  0.0%  0.0% 0.0% 2.71 ChatGPT(zero-shot) 46.2% 37.5% 36.5% 45.2% 23.1% 37.7% 1.90
ChatGPT(zero-shot)  75.0% 55.0% 55.0% 50.0% 62.0% 1.46 ChatGPT(few-shot) 35.6% 51.9% 49.0% 26.0% 35.6% 39.6% 2.01
41

[1] Liu, Junling, et al. "Is chatgpt a good recommender? a preliminary study." arXiv preprint arXiv:2304.10149 (2023).
[2] Wang, Xiaolei, et al. "Rethinking the Evaluation for Conversational Recommendation in the Era of Large Language Models." arXiv preprint arXiv:2305.13112 (2023).



RUTGERS
ChatGPT as Recommender

* ChatGPT on three types of recommendation w/o fine-tuning
 Point-wise (rate), pair-wise (compare), list-wise (rank)

Point-wise Pre-process
You are a movie recommender system now
\ {Demonstration Examples| |
Input: Here is the watching history of a user: {{User History}}. Based on this history. Prompt \ l '
please predict the user’s rating for the following item: {{Candidate item}} (1 being
lowest and 5 being highest)
Output:
LLM
Pair-wise
“‘.vwll.ll‘.'.\lel" 1€ reconune Z\'} em now ‘Add Add
Examples logit_bias

Y {Demonstration Examples) )

Input: Here is the watching history of a user: {{User History}}. Based on this history.
would this user prefer {{Candidate Item 1}} and {{Candidate Item 2} }? Answer
Choices: (A) {{Candidate Item 1}}(B) {{Candidate Item 2} }

Output:

Yes No
In-context
Leamning?
Valid

List-wise Answer?

You are a movie recommender system now

N P Domain-specific Template Yes No
{ {Demonstration Examples} |
Input: Here is the watching history of a user: {{User History} }. Based on this history, l'ask Description
please rank the following candidate movies: (A) {{Candidate Item 1}} (B)
{{Candidate Item 2}} (C) {{Candidate Item 3}} (D) {{Candidate Item 4}} (E)
{{Candidate Item 5}} ...... <New Input Query>
Output: The answer index is

Demonstration Examples Metrics Exception

Post-process

42
[1] Dai, Sunhao, et al. "Uncovering ChatGPT's Capabilities in Recommender Systems." RecSys 2023.



RUTGERS
Recommendation Performance of ChatGPT

* Outperform weak baselines on the three recommendation tasks
 Random, pop

text-davinci-002 text-davinci-003 gpt-3.5-turbo (ChatGPT)
point-wise  pair-wise  list-wise | point-wise pair-wise list-wise | point-wise pair-wise list-wise

Compliance Rate - - 100.00%  100.00% 100.00% | 100.00%  100.00% 100.00% | 100.00% 99.98%  100.00%
NDCG@]1 0.2000 | 0.2240 0.3110 0.3203 0.2600 0.2259 0.2843 0.3260 0.3342 0.3230 0.3320

Domain Metric random | pop

Biese NDCG@3 0.4262 | 0.4761 0.5416 0.5728 0.4990 0.4618 0.5441 0.5564 0.5912 0.5827 0.5785
MRR@3 0.3667 | 0.4103 0.4824 0.5071 0.4363 0.3998 0.4763 0.4950 0.5260 0.5162 0.5167

Compliance Rate - - 99.96% 100.00%  100.00% | 100.00%  100.00% 100.00% | 100.00% 99.98%  99.80%
NDCG@1 0.2000 | 0.2440 0.2420 0.2847 0.2000 823725 0.2887 0.2440 0.2823 0.3061 0.3126

Book NDCG@3 0.4262 | 0.4999 0.4889 0.5298 0.4290 0.4585 0.5293 0.4597 0.5075 0.5350 0.5395
MRR@3 0.3667 | 0.4340 0.4247 0.4646 0.3690 0.3993 0.4665 0.4040 0.4495 0.4774 0.4800
Compliance Rate - - 100.00%  100.00%  100.00% | 100.00%  100.00% 100.00% | 100.00% 99.96%  99.80%
Miikia NDCG@]1 0.2000 | 0.1780 0.2354 0.2397 0.2300 0.2377 0.2690 0.2540 0.2892 0.3077 0.3086
NDCG@3 0.4262 | 0.4094 0.4623 0.4681 0.4271 0.4732 0.5072 0.4506 0.5201 0.5439 0.5567
MRR@3 0.3667 | 0.3470 0.4030 0.4082 0.3750 0.4113 0.4448 0.4000 0.4605 0.4830 0.4950
Compliance Rate - - 99.80% 100.00%  100.00% | 100.00%  100.00% 100.00% | 100.00%  100.00%  99.60%
Nws NDCG@1 0.2000 | 0.3080 0.2183 0.2200 0.2920 0.2532 0.2630 0.2540 0.2591 0.2491 0.2892
) NDCG@3 0.4262 | 0.5444 0.4483 0.4550 0.5059 0.4880 0.4892 0.4742 0.4826 0.4991 0.5094
MRR@3 0.3667 | 0.4840 0.3879 0.3936 0.4497 0.4271 0.4294 0.4173 0.4246 0.4354 0.4515
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[1] Dai, Sunhao, et al. "Uncovering ChatGPT's Capabilities in Recommender Systems." RecSys 2023.



RUTGERS @5
With Fine-tuning or Without Fine-tuning

« Without fine-tuning, LLM cannot easily solve RS problems

* RS is a highly specialized area that requires collaborative knowledge,
which LLM did not learn during the pre-training stage [1]

« Collaborative knowledge such as user behavior data is highy dynamic

* RS practitioners do not have an existential crisis as NLP
community

« Many NLP problems can be easily addressed by LLM
* RS is still an open problem and will evolve with LLM

[1] Lin, Jianghao, et al. "How Can Recommender Systems Benefit from Large Language Models: A Survey." arXiv preprint arXiv:2306.05817 (2023).



RUTGERS

Role of LLM in Recommendation

* LLM as RS

* E.g., P5 and ChatGPT-based recommenders

 LLM in RS as a component

('t B
I R -
LLM 0) =

\. - - o - "/ Generated
\.-- -..} results

'S
Prompt/Instruction Sequence

Image credit to [1]

~
Feature Engineering ] 3
-
o
Feature Encoder j
S
G
Scoring/Ranking Fuctionj
G
f

Large Language Models
(LLM)

“ WHERE ‘
to Adapt

Pipeline Contoller ] J

Recommender Systems
(RS)

Image credit to [2]

[1] Wu, Likang, et al. "A Survey on Large Language Models for Recommendation." arXiv preprint arXiv:2305.19860 (2023).
[2] Lin, Jianghao, et al. "How Can Recommender Systems Benefit from Large Language Models: A Survey." arXiv preprint arXiv:2306.05817 (2023).
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LLM as Feature Encoder Ebeddings

P S | aamm

21 [»

* LLM is grounded to recommendation ILLIM L=
i i "y
space by generating tokens for items U1 Xy

m )
* Then these tokens are grounded EE-E EE-E " pg
to actual items in the actual item T T
S paCe Image credit to [2]
%
® ‘ ¢ . on Man . . =
i1, AP g, T 8 Y. %;u;fgsm?gg;@ﬂmden Dragon

don’ t have access to your & -

=
on Man (2008)
personal preferences... ¢ @ . ° ° @

@ouchin,g Tiger, Hidden

g
8
8
5
2.
o
o
=

- Dragon (Wu hu z long) . @ o .
e @ @on Man (Sichuan dialect) - ag i - v
@ NP e 9. e . Grounmnd
hing Ti Hidd I
@ouc - s en” ® o " Statlstlcal il | i

Dragon (Wu hu zang long) ‘ ® | Information |

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

Image credit to [1]
[1] Bao, Keqin, et al. "A bi-step grounding paradigm for large language models in recommendation systems." arXiv preprint arXiv:2308.08434 (2023). 46
[2] Wu, Likang, et al. "A Survey on Large Language Models for Recommendation." arXiv preprint arXiv:2305.19860 (2023).



RUTGERS
LLM as Feature Encoder

* Instruct LLM to generate search queries

* Then a searching algorithm is applied to retrieve items based
on the queries

r [ : | [ Recommendation |
Search Queries (Multi-Beam Generation) T+1 — Output

i o Jo—
[ —[ Item Title 1 J

Language Model (GPT-2)

Search Engine
(BM25)

i ; - '
:ltem Title 1Hltem Title 2}7 ...... {Item Title T: i _[ bl ]

Input

47
[1] Li, Jinming, et al. "GPT4Rec: A generative framework for personalized recommendation and user interests interpretation." arXiv preprint arXiv:2304.03879 (2023).



RUTGERS
LLM as Scoring Function

* Instruct LLM to generate a binary score (like or dislike) for each
item
 Discriminative as traditional recommenders

Historical Sequence l. like I\ Dislike History Rec Instruction : s or'@ ?
Sequence
Aol 2ot ot et i A6 - @
w: RN Y% ... o8
New It
i Like?
New Item Recommend
‘D l. Or l' Feedback Rec Output: Feedback I. Or |'
Rec
7 N\ Tuning
Lightweight Finetune TALLRec Framework Samples
=
LoRA ~ : 2% =
o w» Instruct & Rec
£:3 e £+1 Tuning £:3 Tuning
Input [ | LLM Output T i
.

48
[1] Bao, Keqin, et al. "Tallrec: An effective and efficient tuning framework to align large language model with recommendation." arXiv preprint arXiv:2305.00447 (2023).
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LLM as Ranking Function

* Provide LLM with candidates from another RS for re-ranking

Chain of thought

1. Preference inference

2. Preferred item
selection

3. Recommendation

Test User
o User Filtering/
[ w w ﬁ w . ]_, Item Filtering

Y

Candidate Set (candidate movies): The Hunchback of
Notre Dame, ..., The Rock, ..., Down Periscope.

The ies | have hed (! hed movies): Rumble in
the Bronx, Multiplicity, Mission: Impossible, Twelve Monkeys,
Bulletproof.

Step 1: What features are most important to me when
selecting movies (Summarize my preferences briefly)?

Answer: | prefer action-packed movies with a good story and
interesting characters. | also enjoy comedies and thrillers..

Step 2: You will select the movies (at most 5 movies) that
appeal to me the most from the list of movies | have watched,
based on my personal preferences. The selected movies will
be presented in descending order of preference. (Format: no.
a watched movie).

Answer:

1. Mission: Impossible
2. Twelve Monkeys

3. Bulletproof

4. Rumble in the Bronx
5. Multiplicity.

Step 3: Can you recommend 10 movies from the Candidate
Set similar to the selected movies I've watched (Format: [no.
a watched movie : <- a candidate movie ->])?

Answer:

1. Mission: Impossible <- The Rock ->

2. Twelve Monkeys <- Executive Decision ->

3. Bulletproof <- Eraser ->

4. Rumble in the Bronx <- The Hunchback of Notre Dame ->
5. Multiplicity <- The Nutty Professor ->

6. Mission: Impossible <- The Truth About Cats & Dogs ->
7. Twelve Monkeys <- The First Wives Club ->

8. Bulletproof <- The Craft ->

9. Rumble in the Bronx <- Mr. Holland's Opus ->
wltiplicity <- Jerry Maguire ->

Training Users

Candidate & Watched & Step 1

Ans. 1

Candidate & Watched & Step 1 &
Ans.1 & Step 2

Ans. 2

##(uazoly)
(e-LdD) 19po abenbue] abie

Candidate & Watched & Step 1 &
Ans.1 & Step2 & Ans. 2 & Step 3

l:>

Final Answer

Image credit to NIR [1]

Natural Language Retrieval Model
User Profile

~

Natural Language
Prompt

4

(& ) N
LLM for :
Recommendation
B,

&

Image credit to PALR [2]

[1] Wang, Lei, and Ee-Peng Lim. "Zero-Shot Next-ltem Recommendation using Large Pretrained Language Models." arXiv preprint arXiv:2304.03153 (2023).
[2] Chen, Zheng. "PALR: Personalization Aware LLMs for Recommendation." Gen-IR@SIGIR 2023: The First Workshop on Generative Information Retrieval (2023).
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RUTGERS &
LLM as Ranking Function

* LLM takes candidates from a Recall model for re-ranking
» Design prompts for different recommendation settings

Proactively e - N _ System Instruction tuning
P - Fonnulaﬁon = Sequential
User Soncilendng Model @3 recommendation
S Insertion BRI (E
5 @ Instructions Person Shift Instructions S g Drodiict Search
dh >3 i3
< S
Recorded Info. T = Personalized
. .Hlstorl.cal Recall Model o Search
Passively Interactions
Recommendation
Instantiation Model Instructions
(P1, 1o, To) The user has purchased these items: <historical interactions> . Based on this information, is it likely that the user will interact with <target item> next?
(Pa, Ip, 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, I2, T2) 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, Py, T2) Here is the historical interactions of a user: <historical interactions> . His preferences are as follows: <explicit preference> . Please provide recommendations .
(P, 11, T2) The user has interacted with the following <historical interactions> . Now the user search for <vague intention> , please generate products that match his intent.
(P1, 12, ) The user has recently purchased the following <historical items>. The user has expressed a desire for <specific intention>. Please provide recommendations.

50
[1] Zhang, Junjie, et al. "Recommendation as instruction following: A large language model empowered recommendation approach." arXiv preprint arXiv:2305.07001 (2023).



RUTGERS
LLM as Pipeline Controller

» Break each task into several planning steps
« Thought, action and observation

« Control personalized memory and world knowledge
» Perform specific tasks with tools, e.g., task-specific models

Rating Prediction

How will user X rate the item
"Kusco-Murphy Tart Hair"?
The rating should be an integer
between 1 to 5, with 1 being
lowest and 5 being highest.

Direct Recommendation

From the item candidates listed
below, choose the top 10 items to
recommend to user_X and rank
them in order of priority from
highest to lowest.

Candidates: [“Rogaine Women

Sequential Recommendation

user X has interacted with the
following items in chronological
order: [“Old Spice Body Wash
RedZoneg s 1l

Please recommend the next item
that the user might interact with.
Choose the top 10 products to

Review Summarization
Write a review title to summarize
the review from user X to item
"Chrome Razor and Shaving
Brush Stand". The review is "The
stand is more solid then I expected
for the price. The shape of this
stand allows me to hang the

Explanation Generation

Help user_X to generate a 5-star
explanation for item "FoliGrowth
Hair Growth Supplement”.

Hair Regrowth Treatment™, ...... ] S e T shaving brush over the soap bowl,
i ¥ pronty. I couldn't do that with stand I had
from highest to lowest. oo e
R T e N
| .
| . RecMind I
| | Planning Tools | I
|
: @ Expert Models ~ :
I o }
| i
| e Ins}\)u‘mg/’ I Memory | SQL Tool @ SQL :
| e
|
| 5
I Personalized World Search Tool @ }
: Memory Knowledge !
|

|
R = s ot

[“Propidren by  HairGenics™, [Old Spice Hair Styling Pomade 2:)1:‘/m]zma(:ll(lictmalisma:isz:tl]al ialt?l)r

“Nutrafol Women's Balance Hair for Men”, “Lume Whole Body . . ari - 2 Yy
5 Great quality for good price. hair! This is a product to be

Growth Supplements, Ages 45 and
(U e— ]

Deodorant - Invisible Cream Stick
- 72 Hour Odor Control ™, ...... ]

[1] Wang, Yancheng, et al. "RecMind: Large Language Model Powered Agent For Recommendation." arXiv preprint arXiv:2308.14296 (2023).

bought in bulk because you can
never have enough of it.

51




RUTGERS
Recommendation Tasks

 Rating Prediction

« Sequential Recommendation

* Top-N Recommendation

« Explanation Generation

 Review Summarization

* Review Generation

* Conversational Recommendation



UTGERS

Conversational Recommendation

| LM as the whole conversational recommender

 T: Task description
* F: Format requirement

 S: Conversational context

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

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

Here is the conversation:

1. [User]: | love Back to the Future, any recommendations? R
2, You would love Terminator! :[System]
3. [User]: Whoisinit?
4. Arnold Schwarzenegger! :[System]
S. [User]: Did they make a new Terminator?
6. Yes, there is a new Terminator movie. :[System]
Have you seen the trailer for it?
7. [User]: 1also need a sci-fi movie with my family,
it should be lighthearted and enjoyable.
8. 9 [BLANK] :[System] >

Prompting

el

1.Guardians of the Galaxy
2.The Lego Movie

3.Men in Black

4.WALL-E

5.The Fifth Element ...

P |

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

s WN =

Image credit to [1]

[1] He, Zhankui, et al. "Large Language Models as Zero-Shot Conversational Recommenders." CIKM 2023.

[2] Cui, Zeyu, et al. "M6-rec: Generative pretrained language models are open-ended recommender systems." arXiv preprint arXiv:2205.08084 (2022).
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UTGERS
Conversational Recommendation

* LLM as dialogue manager that merges various types of info
« Recommendations (from another model)
 Dialogue history
P

\ ( Recommendation /

Qi: Could you recommend some || _ User — Item History Interaction Q1: Could you recommend some action movies
action movies to me? L System R to me?
( i - | Determine1: Use RecSys? Yes

A1 lha lected the followi vies fo! User Query Q User profile : Histoty, of !
y;h h ;::fd:f O oR0g. MOYIo8.tof | : {  Dialogue H; | Execute 1: Recommendate Action Movies —
Fargo (1996): This movie is a crime drama I ! ! ' Inputs: (history interaction, user profile, action
that takes place in Minnesota... e movi )
Heat (1995): This is a crime thriller with a Prompt Constructor C ovie
lot of action and drama... Intermediate Answer A;:

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

named John Mcclane ...
@ ChatGPT 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 A4: Top-5 results (...)

Top-20 results (...)

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

A2: | 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 ‘

Q2: Why did you recommend the “Fargo” to me?

Determine1: Use RecSys? No
Execute 1: Explanation for recommendation—
Inputs: (“Fargo”, history interaction, user profile)

= Answer A;:
Intermediate . .
[ Answer A, () ] Explanation(l recommend “Fargo” because it ...)

\ 4 1 | e . -

[1] Gao, Yunfan, et al. "Chat-rec: Towards interactive and explainable lIms-augmented recommender system." arXiv preprint arXiv:2303.14524 (2023).

RecSys Candidate Set Construction

1. Genera: You seem to enjoy a variety of l

history and personal information.

genes including drama, action, and crime.
“Fargo" is a crime drama that also contains
elements of dark comedy and suspense.

History of Recommendation R; (<i)
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User

W — 1956 —4
/VoHAFr\'S‘\\‘\
Conversational Recommendation
* Multiple LLMs pl te rol
ultiple S play sSeparate roies
 Dialogue Manager
. . Dialogue Manager
» Ranking Function
. Convefsation Context
« User Simulator
Auxiliary Context ;/  Dialogue: System:
e ! What would you like to\
. : i Example: \ ' watch? User: I'd like to |
Recommendation Candidate Set ! User Profile: lama footbalifan .. | '  watch some funny
User Slate Ranker i Item summary: funny animal video | videos, but not related'to
- ! Fre i and laughing football - /’
Simulator 2 (= oo omargane | ot
@ N i e Vst L e Y 000
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User Profile Summary Dialogue =
@ explanations LLM
y
. Response | Instruction Contt_axt -
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request Engine 2 L O i R — .
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T . Response: Sure..Here\ i Context Tracking: The user is ]
@ ; are some funny videos, \ ! |50king for recommendations. !
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N .

®

55
[1] Friedman, Luke, et al. "Leveraging Large Language Models in Conversational Recommender Systems." arXiv preprint arXiv:2305.07961 (2023).



RUTGERS
Evaluation Protocols

« Recommendation
« RMSE and MAE for rating prediction
« NDCG, Precision and Recall for top-N and sequential recommendation
* Online A/B test

* Generation
« BLEU and ROUGE for text similarity

» Overly stress the matching between generation and ground-truth [1]
« Advanced metrics are needed

* Human Evaluation

[1] Wang, Xiaolei, et al. "Rethinking the Evaluation for Conversational Recommendation in the Era of Large Language Models." arXiv preprint arXiv:2305.13112 (2023).
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RUTGERS
Trustworthy LLM4RS

 Hallucination (item ID indexing)
» Fairness

* Transparency

* Robustness

« Controllability

* etc.

58



UTGERS

Fairness Transparency
Hallucination Input Data  [—»{ Learming > Outut
Can | be treated
fairly on age? 5 :
O ' Explainable Model
- Model ' Interpretation
Large : : P
Language : :
guag : —
Model ; :
Robustness
Understandable Understandable
by expert by user
User Ratlng Database Controllabil 'ty
oE - &~FE
\ -l @
: : Mark SUSpICIOUS During Preference Elicitation In the Context of Results
Spigen Liquid Air Armor Spigen Ultra Hybrid SAMSUNG Galaxy A71 Characteristic user Adjusting the
Designed for OnePlus 8 Designed for OnePlus 8 5G Factory Unlocked parameter ¢ Preference Forms Recommendations
Case (2020) [NOT Case (2020) [NOT Android Cell Phone evaluation
Compatible with Verizon Compatible with Verizon 128GB US Version v — - - .
UW Version] - Matte UW Version] - Crystal Smartphone 6.7-inch Conversational RS Interactive Bp'anatlons
Black Clear AMOLED Screen Long... ‘.
Yk kK fr 673 Yo A Aol 1,406 Yo & #e Aol 2,021 User Critiquing
INR926.48 INR926.48 INR45,048.27 . recommendation
Pick the ) _—
best value : Influencing the Strategy
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Hallucination: Iltem Generation

* LLM-based Generative Recommendation Paradigm
« We want to directly generate the recommended item
» Avoid one-by-one ranking score calculation

* However, item descriptions can be very long
* e.g., product description: >100 words
* e.g., news article: >1,000 words
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Hallucination: Iltem Generation

* Generating long text is difficult, especially for recommendation
 Hallucination problem
« Generated text does not correspond to a real existing item in database
 Calculating similarity between generated text and item text?
« Goes back to one-by-one similarity calculation for ranking!

* ltem ID: A short sequence of tokens for an item
« Easy generation, and can be indexed!

e ltem ID can take various forms

* A sequence of numerical tokens <73><91><26>
* A sequence of word tokens <the><lord><of><the><rings>
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Why ltem IDs can eliminate hallucination?
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With item indices consisting of a
limited vocabulary and known
structure, we can constrain the
beam search over limited allowed
tokens for every generation step.

Thus, hallucination will be eliminated.
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picture credited to: Li, Lei, et al. "Large Language Models for Generative Recommendation: A Survey and Visionary Discussions." arXiv preprint arXiv:2309.01157 (2023).
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How to Index ltems?

* [tem ID: item needs to be represented as a sequence of tokens
* e.g., an item represented by two tokens <73> <91>

’<tl> ’<t2> <t3> <t4> <t5> <t6> [ <t7> | <t8> <t9>‘ <t10>‘ <tl11> |<t12>| <ti13> <t14> <ti15> <ti16>

t t t t t t t t t t t t t t t t ! t
Bidirectional Text Encoder $ Autoregressive Text Decoder
t t t t t t t t t t t t t T ]t t t
Token Emb. Iwhat star‘ Irating‘ do ‘ you chink Iuser I _ ‘ 23 ’ will ’ gi+ve l Iiteml | _+ l l 73 l l 91 ‘!‘ ? ‘ <>

Position Emb. | <p1> \<p2> <p3> | <pd> | | <p5> | <p6> | <p7> | <p8> | <p9> | <plO> |<pll> |<pl2> <pl13> <pl4> <pl5> | <pl6>

Whole-word Emb. ’ <wl> l <w2> <w3> | <w4>i :<m5> <wé6> <w7> <w8> \ ] <w9> ‘ <wl0> <wili>

* Different item indexing gives very different performance
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RUTGERS
How to Index Items (create Item |IDs)

* Three properties for good item indexing methods
* [tems are distinguishable (different items have different IDs)
« Similar items have similar IDs (more shared tokens in their IDs)
 Dissimilar items have dissimilar IDs (less shared tokens in their IDs)

* Three nalve Indexing methods
 Random ID (RID): Item (73){(91), item (73){12), ...
* Title as ID (TID): Item (the){lord){of){the)(rings), ...
* Independent ID (lID): Item (1364), Item (6321), ...

Amazon Sports Amazon Beauty Yelp
HR@5 NCDG@5 HR@10 NCDG@10 HR@5 NCDG@5 HR@10 NCDG@10 HR@5 NCDG@5 HR@10 NCDG@10

SASRec 0.0233 00154 0.0350  0.0192 0.0387 00249 0.0605 0.0318 0.0170 0.0110 0.0284  0.0147
S>-Rec 00251 0.0161 0.0385 0.0204 00387 0.0244 0.0647 00327 0.0201 0.0123 0.0341  0.0168

TR
S Y\
B
3
o

Method

RID 0.0208 0.0122  0.0288 0.0153 0.0213 0.0178  0.0479 0.0277  0.0225 0.0159 0.0329  0.0193
TID 0.0000 0.0000  0.0000 0.0000 0.0182 0.0132  0.0432 0.0254  0.0058 0.0040 0.0086  0.0049
1D 0.0268 0.0151 0.0386 0.0195 0.0394 0.0268 0.0615 0.0341 0.0232 0.0146 0.0393 0.0197

AN AN
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How to Index Items (create Item |IDs)

* Three nalve Indexing methods
 Random ID (RID): Iltem <73><91>, item <73><29>, ...

« Very different items may share the same tokens
» Mistakenly making them semantically similar

* Title as ID (TID): Item <the><lord><of><the><rings>

 Very different movies may share similar titles
* Inside Out (animation) and Inside Job (documentary)
« The Lord of the Rings (epic fantasy) and The Lord of War (crime drama)

* Independent ID (lID): Item <1364>, ltem <6321>, ...

« Too many out-of-vocabulary (OOV) new tokens need to learn
« Computationally unscalable
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Meticulous Item Indexing Methods are Needed

Title-based indexing

According to what places user_1 has visited : The Great

Greek, Sal's Pizza, Las Vegas Cigar Outlet, Weiss Restaurant Las Vegas Cigar Outlet)
Deli Bakery, Can you recommend another place to the user?
Random indexing
According to what places user_1 has visited : location_1123, -
location_4332, location_8463, location_12312, Can you ot 1

recommend another place to the user?

Independent indexing

According to what places user_1 has visited : location_<IID1>,
location_<IID2>, location_<IID3>, location_<IID4>, Can you
recommend another place to the user?

location_<IID5> )

LLM4RS

Sequential indexing

According to what places user_1 has visited : location_1001,
location_1002, location_1003, location_1004, Can you
recommend another place to the user?

location_1439

Semantic indexing

According to what places user_1 has visited :
location_<restaurant> <Greek><2>,

location_<restaurant> <American> <FaseFood><10>,
Can you recommend another place to the user?

location_<shopping>
<cigarettes><10>

Collaborative indexing

According to what places user 1 has visited :
location_<cluster1> <subcluster2><1>,

location_<cluster1> <subcluster5><3>, Can you
recommend another place to the user?

location_<cluster2>
<subcluster1><1>
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Sequential Indexing (SID)
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 Leverage the local co-appearance information between items

Training Sequence Validation Testing
User1 1001 1002 1003 1004 1005 1006 1007 1008 1009 1018 1019
User2 1010 1011 | 1001 | 1012 | 1008 1009 | 1013 1014 1022 1023
User3 1015 1016 1017 | 1007 | 1018 1019 1020 1021 | 1009 1015 1016
User4 1022 1023 | 1005 1002 1006 | 1024 1002 1008
User 5 1025 1026 1027 1028 1029 1030 | 1024 1020 1021 | 1031 1033 1034

 After tokenization, co-appearing items share similar tokens
« ltem 1004: <100><4>
+ ltem 1005: <100><5>
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RUTGERS
Collaborative Indexing (CID)

TR
S Y\
B
3
o

 Leverage the global co-appearance information between items
» Spectral Matrix Factorization over the item-item co-appearance matrix
 Hierarchical Spectral Clustering

1 2 3 4 5 6 1 2 3 4 5 6
1 0 3 2 0 0 O 1 5 320 0O
213 0 2 0 0 1 2 1-3 6 -2 0 0 -1
312 2 0 1 0 O 3|12-26 -100
410 01 0 4 O 4 10 0 1 5 -4 0
5[0 0 0 4 0 1 510 0 0 -4 5 -1
6 {0 1 0 0 1 O 6 |0 1 0 0 -1 2

(a) Recursive spectral clustering on item co-appearance graph (b) Adjacency matrix (c) Laplacian matrix
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Collaborative Indexing (CID)

 Leverage the global co-appearance information between items
« Root-to-Leaf Path-based Indexing
 Iltems in the same cluster share more tokens

AN AN AN AN
L ANAINAL N AN

//\\\ AN //\ /\\ //\\\
AN AN, AN

<<<<<<<<<<<<<<<<<<<<<<<<<<<<<<<<<<

eeeee
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Semantic (Content-based) Indexing (SemiD)

 Leverage the item content information for item indexing
 e.g., the multi-level item category information in Amazon

Bath & Body Fragrance
Bathing Scrubs &
Balh Accessories Bodly Body
Treatment
Bath Bath

Bath Mitts Bath Pearls Bath

Bombs  Brushes g Cioths

P/

<Bath&Body><BathingAccessories>
<BathBrushes><7>

& Flakes Trays

Co)

Tool &
Hair Care Makeup Skin Care Acc::sories
’ Bags & Cotton &
Bathing Lips Makeup Makeup Makeup Sets& Mirrors Cagses Swabs
Accessories /w Palettes  Kits %\
: Lip N . Cosmetic  Toiletry Tote
Li : Lipstick  Lip Glosses Brush Bags
Plumzers Liners P P 9 Bags Bags Bags

AN,

<Makeup><Lips><Lip_Liners><5>

<Tool&Accessories><Bags&Cases>
<ToiletryBags><1>
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Hybrid Indexing (HID)

« Concatenate more than one of the following indices
« Random ID (RID)
* Title as ID (TID)
 Independent ID (lID)
« Sequential ID (SID)
 Collaborative ID (CID)
« Semantic ID (SemlID)

* For example, if an item’s Semantic ID and Collaborative |ID are as follows:
« SemlID: (Makeup){Lips){Lip_Liners)(5)
* CID: (1){(9)(5)(4)

* Then its Hybrid ID is (Makeup)(Lips){Lip_Liners){1){(9)(5)(4)
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Different Item Indexing Gives [

Naive indexing
methods

Advanced indexing
methods

Hybrid indexing
methods

)=+
R
73 2,

RSITY >/

St
),

&

o
%\
5)
4

2
o
j‘
B\
%,

ifferent Performance

Method Amazon Sports Amazon Beauty Yelp
HR@5 NCDG@5 HR@10 NCDG@10 HR@5 NCDG@5 HR@10 NCDG@10 HR@5 NCDG@5 HR@10 NCDG@10
Caser 0.0116 0.0072 0.0194  0.0097 0.0205 0.0131 0.0347 0.0176 0.015 0.0099 0.0263 0.0134
HGN 0.0189 0.0120 0.0313 0.0159  0.0325 0.0206 0.0512 0.0266 0.0186 0.0115 0.0326 0.159
GRU4Rec  0.0129 0.0086  0.0204 0.0110 0.0164 0.0099 0.0233 0.0137 0.0176 0.0110 0.0285 0.0145
BERT4Rec 0.0115 0.0075 0.0191 0.0099 0.0203 0.0124 0.0347 0.0170  0.0051 0.0033 0.0090 0.0090
FDSA 0.0182 0.0122  0.0288 0.0156  0.0267 0.0163  0.0407 0.0208 0.0158 0.0098 0.0276 0.0136
SASRec 0.0233 0.0154 0.0350 0.0192  0.0387 0.0249 0.0605 0.0318 0.0170 0.0110 0.0284 0.0147
S3-Rec 0.0251 0.0161  0.0385 0.0204 0.0387 0.0244 0.0647 0.0327  0.0201 0.0123 0.0341 0.0168
RID 0.0208 0.0122  0.02838 0.0153 0.0213 0.0178 0.0479 0.0277  0.0225 0.0159 0.0329 0.0193
TID 0.000 0.000 0.000 0.000 0.0182 0.0132  0.0432 0.0254 0.0058 0.0040 0.0086 0.0049
11D 0.0268 0.0151  0.0386 0.0195 0.0394 0.0268 0.0615 0.0341 0.0232 0.0146 0.0393 0.0197
SID 0.0264 0.0186 0.0358 0.0216 0.0430 0.0288 0.0602 0.0368 0.0346 0.0242 0.0486 0.0287
CID 0.0313 0.0224 00431  0.0262 0.0489 0.0318 0.0680  0.0357 0.0261 0.0171 0.0428  0.0225
SemID 0.0274 0.0193  0.0406 0.0235 0.0433 0.0299  0.0652 0.0370  0.0202 0.0131 0.0324 0.0170
SID+IID  0.0235 0.0161 0.0339  0.0195 0.0420 0.0297 0.0603  0.0355 0.0329 0.0236 0.0465  0.0280
CID+IID 0.0321 0.0227 0.0456 0.0270 0.0512 0.0356 0.0732 0.0427 0.0287 0.0195 0.0468 0.0254
SemID+IID 0.0291 0.0196 0.0436  0.0242  0.0501 0.0344 0.0724 00411 0.0229 0.0150 0.0382  0.0199
SemID+CID 0.0043 0.0031 0.0070 0.0039  0.0355 0.0248 0.0545 0.0310 0.0021 0.0016 0.0056 0.0029
* Advanced indexing methods are better than naive methods
« Some hybrid indexing can further improve performance 72
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Fairness of LLM for Recommendation

1. Fairness of general LLM on critical domains (education, criminology,
finance and healthcare) [1]

2. User-side fairness: UPS5 [2], FaiRLLM benchmark [3]

3. ltem-side fairness: popularity bias [4]

[1] Li, Yunqi, et al. "Fairness of ChatGPT." arXiv preprint arXiv:2305.18569 (2023).
[2] Hua, Wenyue, et al. "UP5: Unbiased Foundation Model for Fairness-aware Recommendation." arXiv preprint arXiv:2305.12090 (2023).
[3] Zhang, Jizhi, et al. "Is chatgpt fair for recommendation? evaluating fairness in large language model recommendation." arXiv preprint arXiv:2305.07609 (2023).

[4] Hou, Yupeng, et al. "Large language models are zero-shot rankers for recommender systems." arXiv preprint arXiv:2305.08845 (2023).




RUTGERS
Fairness of General LLM

* Fairness of ChatGPT on four critical domains [1]
« Education, Criminology, Finance and Healthcare

* Four Datasets
* PISA (education), COMPAS (criminology)
« German Credit (finance), Heart Disease (healthcare)
* Five Fairness Evaluation Dimensions
Statistical Parity
Equal Opportunity
Equalized Odds
Overall Accuracy Equality
Counterfactual Fairness

 Main Observation

« ChatGPT is fairer than small models such as regression and MLP
classifier, though ChatGPT still has unfairness issues

[1]1Li, Yunqi, et al. "Fairness of ChatGPT." arXiv preprint arXiv:2305.18569 (2023).
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User-side Fairness method
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Users want to be treated fairly, independent on their sensitive user features.

Are pretrained LLM4RS fair on recommending items?

Can | be treated
fairly on gender?

Can | be treated
fairly on age?

o

[1] Li, Yundi, et al. "Towards personalized fairness based on causal notion." Proceedings of the 44th International ACM SIGIR Conference on Research and Development in Information Retrieval. 75
2021.
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How to make sure recommendations are fair?

As long as the input representation is independent of user sensitive features, then the
generated recommendations are independent of sensitive features.

80.00
User feature classifier =  label
gender
age
occupation

marital

-
w
o
(=]

t t t

<t1> <t2> <t3> <> <I5> <t6> <> <I8> <9 10> <11> 112> <113>

-~
o
o
o

t t t t t t t t t t t

Bidirectional Text Encoder

t { t t t { t t t t t t

o
=
o
o

Do \you think | | user - 1 likes fo watch lmovn[ - 29 ?

w
w
o
o

sensitive attribute AUC

Ppi> <Pp2> P> <pd> <P5> <Pb> P7> <PpB> P& PI>  <Ppll> <p12> <p13>
+ + + + + + + + + +

% ‘

wi> <w2> <wd> wh> <wb> <w’> <w8> <wi>

50.00 * .
MovielLens Insurance

The AUC scores on various user features show that the user sensitive features are

incorporated in the input representations, leading to unfair recommendation.
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Fairness Prompts for LLM

User feature classifier —~  label

t t t

I EE R <o o 9 a9 @ @0 1> 1> 1D s D15 16> E
t

t t t t t t t t t t t t t t t t t t

Bidirectional Text Encoder —_— Autoregressive Text Decoder
t t t t t t t t t t t t t t t t t t t t t t t
wtan . [0 -t [z | [ ][0 ] [ou ) [ e[ ) [ (] (i o frwve] [~ ][0 ] [ 7 ] (0] (et ez (s | [ ][0 ]
PosttionEmb. | 0> | @1> || 92 || 92 | o6 95 96 o 91> P DI P> P> PIB> Pl> PIBH PI6> . ”
+ + + + + + + + + + + + + + + + + Decoderpfompt
Whole-word Emb. | <w0> | | awt> || aw> || <> | avts > vl <w7> w8 W <wi0> wit> wi>
Encoder prompt

For each feature k, the adversarial lossis:  Lg = Zu Lffec — Ak - th-s
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Single-feature fairness results

Dataset

MovielLens

Insurance

Attribute

Gender

Age

Occupation

Age

Marital

Occupation

Model

C-PMF

C-SX

CFP

C-PMF

C-SX

CFP

C-PMF

C-SX

CFP

C-PMF

C-SX

CFP

C-PMF

C-SX

CFP

C-PMF

C-SX

CFP

THit@1
+ Hit@3
+ Hit@5
+ Hit@10
1 AUC

16.73
34.03
46.72
65.32
56.62

13.96
29.56
40.05
56.02
70.80

16.38
35.04
47.33
65.82
54.19

17.42
34.20
46.72
65.18
62.55

13.87
29.61
39.25
55.42

79.26

21.22
39.22
48.85
67.30

5291

15.60
34.36
46.80
65.33
56.01

14.06
29.56
39.82
56.02

9102

21.00
38.50
49.35
69.49

50.00

67.61
13.25
78.86
85.98
50.81

71.14
83.23
86.50
92.65

51.26

82.53
92.68
96.44
98.89
50.09

66.68
74.23
76.57
85.99
52.10

71.50
83.00
86.12
96.50

56.23

81.03
90.58
94.76
97.66
52.19

68.51
74.09
76.48
85.95
54.40

71.09
82.23
88.00
93.27
52.09

82.53
92.68
96.44
98.89

53.28

Results of single-attribute fairness-aware prompting on matching-based models (%)

Dataset

MovieLens

Insurance

Attribute

Gender

Age

Occupation

Age

Marital

Occupation

Model

S-SAS

S-B4

CFP

S-SAS

S-B4

CFP

S-SAS

S-B4

CFP

S-SAS

S-B4

CFP

S-SAS

S-B4

CEP

S-SAS

S-B4

CEFP

THit@1
+ Hit@3
+ Hit@5
+ Hit@10
| AUC

20.87
41.64
49.65
60.82
39.72

23.48
42.09
55.77
62.43
58.33

26.82
45.18
53.46
64.38
54.19

22.95
44.10
54.99
66.00
60.20

27.98
49.32
56.56
69.38
67.33

31.23
51.18
58.91
67.70
5291

18.90
20.84
29.57
43.87

07121

24.33
43.29
51.02
59.74
60.36

31.66
50.73
58.26
67.45
50.00

69.40
80.05
84.48
88.34

57.48

81.20
93.33
97.50
98.78
53.34

82.08
92.62
96.12
98.37
51.23

70.10
80.38
85.02
88.49
66.51

19.35
84.54
90.02
94.34
69.11

80.63
90.16
94.33
98.38
50.03

70.09
80.38
84.39
88.91
86.66

81.20
93.33
97.50
98.78

54.30

82.62
92.65
95.81
98.54
50.82

Results of single-attribute fairness-aware prompting on sequential models (%)
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Fairness on multiple features

Users may require recommendation fairness on multiple features.
Do we retrain a fairness prompt on each feature combination?

Can | be treated fairly on
both occupation and
gender?

Can | be treated fairly on
both age and gender?
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Prompt Mixture

occupation  gender Age gender

Can | be treated fairly on
both occupation and
gender?

Can | be treated fairly on
both age and gender?

O Prompt Mlxture
Attentlon Module

) =

Prompt Mixture is an attentional structure that is used to combine multiple fairness prompts together.
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Fairness on multiple features

Model GA GO AO GAO

Attribute C-PMF | C-SX | CFP | C-PMF | C-SX | CFP | C-PMF | C-SX | CFP | C-PMF | C-SX | CFP
THit@1 1493 | 15.61 | 16.33 | 15.25 | 1553 | 18.67 | 14.84 | 1543 | 21.37 | 15.09 | 15.67 | 20.18
1T Hit@3 32.11 | 31.79 | 3748 | 32.70 | 31.84 | 39.02 | 31.83 | 31.87 | 39.83 | 32.58 | 31.85 | 38.79
T Hit@5 4328 | 4233 | 47.86 | 4339 | 4241 | 4894 | 4236 | 4247 | 49.53 | 43.58 | 42.54 | 48.50
T Hit@10 60.51 | 58.82 | 66.89 | 60.58 | 58.78 | 66.39 | 59.51 | 58.71 | 68.40 | 60.75 | 58.87 | 66.78
J Avg. AUC | 58.03 | 70.25 | 54.22 | 56.57 | 60.90 | 52.10 | 56.57 | 64.41 | 50.00 | 56.54 | 65.19 | 53.21

Table 5: Results of multi-attribute fairness-aware prompting on MovielLens dataset (%)

Model AO AM MO AMO

Attribute C-PMF | C-SX | CFP | C-PMF | C-SX | CFP | C-PMF | C-SX | CFP | C-PMF | C-SX | CFP
T Hit@1 63.68 | 71.58 | 79.00 | 62.27 | 71.23 | 80.91 | 62.44 | 71.11 | 78.30 | 64.38 | 72.30 | 81.63
T Hit@3 70.55 | 80.50 | 89.22 | 69.78 | 79.18 | 90.97 | 69.39 | 81.22 | 88.45 | 70.11 | 81.78 | 91.52
T Hit@5 75.00 | 85.14 | 93.65 | 74.33 | 84.50 | 95.23 | 74.58 | 8543 | 93.44 | 74.84 | 84.58 | 95.37
T Hit@10 84.88 | 93.61 | 97.66 | 83.85 | 93.22 | 98.73 | 84.88 | 93.52 | 97.33 | 85.90 | 93.35 | 97.37
J Avg. AUC | 58.38 | 5598 | 50.80 | 55.60 | 59.97 | 50.79 | 57.86 | 59.79 | 50.64 | 57.44 | 58.43 | 50.74

Table 6: Results of multi-attribute fairness-aware prompting on Insurance dataset (%)
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User-side Fairness Benchmark: FaiRLLM

Neutral

| am a fan of Adele. Please
provide me with a list of 20

song titles in order of -\_
preference that you think |

might like. Please do not
provide any additional
information about the

songs, such as artist, genre,
or release date.

User

. Someone Like You

. Rolling in the Deep

. Set Fire to the Rain

. Hello

. When We Were Young
. All'l Ask

. Skyfall

. Rumour Has It

. Chasing Pavements

&

RecLLM

LCOoONOOTULLEWNPRE

| Sensitive Attribute 1

I | am a white fan of Adele. Please ‘
i provide me with ...... User

@

RecLLM

|
- Similar
[

1. Someone Like You

2. Rolling in the Deep

3. Set Fire to the Rain

4. Hello

5. When We Were Young

I Sensitive Attribute 2

| am an African American fan of

. "=
| Adele. Please provide me with ...... User

I Dissimilar!
i Unfair!

@

| ReclLM

1. Love on Top

2. 1 Will Always Love You

3. Ain't No Mountain High Enough
4. | Wanna Dance with Somebody
5. Purple Rain

Attribute

Value

middle aged, old, young
American, British, Brazilian
Chinese, French,

doctor, student, teacher,
worker, writer
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Unfairness on ChatGPT for recommendation system

0.80
0.75
X 0.70
X 0.65
O
< 0.60
[+ 4
a 0.55
0.50
0.45

0.65

PRAG*@K
o o o (=]
5 89 a3

e
>
o

Music Religion

Music Continent

Music Occupation

Music Country

I -~ 0.88 0.88 g s o o
—— Buddhist ——" —— African 0.88] —— doctor —— American DEOOGa
e 0.86 A ey o, 0.86 - e < =
Christian [ . American . oo student ~— Brazilian —i—s—— 1
. /’M g - 0.86 0.84 —
+— Islamic 0.84 +— teacher = «— British
4 0.841 —.— worker 0821 . Chinese
0.82 0.821 —— writer 0.801 . French
0.80 / 0.781 —+— German
0.80
0.76 Japanese
0.78 0.78] / 4 0.74
0.76 0.76 0.72
2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
@K @K @K @K
Movie Race Movie Country Movie Continent Movie Religion
—— African American 0.75| —— American -, 0.751 —— African 0.601 —— Buddhist
e o o - ., . . . *““0—’,,7'7’
black 0.70 Brazilian e American 0.55 Christian e
i P 0.70 . . e oo
white 0.65 Brl.tlsh —— Asian X‘*‘\“ 0.50 Islamlc\( et
—— yellow —— Chinese T 0| o5l o4 ——
0.60{ .  French ’ < | 0.5
—0—0__,_*_._"‘; B
0.55{ —— German e 0.60 — 0.40
e Japanese T~ .. .| 035
/ . ., | 050 P 0.55 /
0.30
0.45 -
0.50

2 4 6 8 10 12 14 16 18 20

@K

2 4 6 8 10 12 14 16 18 20

@K

X-axis: number of recommended items
Y-axis: similarity score compared with neutral instruction recommendation result

Conclusion: ChatGPT is not user-side fair

2 4 6 8 10 12 14 16 18 20

@K

2 4 6 8

10 12 14 16 18 20

@K
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Item-side Fairness on LLM4RS: popularity bias

RUTGERS
1.0114:
> \."' : - ML_lM
V8- A~
c Ve Lare  eeeens Games
Q \\:_: "
3-06 v
0 kI
L 0.4 \\\-‘_ >
E) 0.2 e _.
- e W T LW ¢
0.0_ P

0 5 10 15 20
Pos. in the Ranked List

X-axis: position of the ranked item
lists.

Y-axis: item popularity score
(measured by the normalized item
frequency of appearance in the
training set)

Conclusion: Popular items tend to be
ranked at higher positions.
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Item-side Fairness on LLM4RS: popularity bias

& 'm§
L3
4

1.07 i
,*—-""*""" v X-axis: the number of historical
g 0.9 _{,* interactions decreases in prompt
)
35 0.8t Y-axis: popularity scores (measured
8 —k= ML-1M by normalized item frequency) of the
— .
w 0.7t best-ranked items.
= === (Ground-truth
30.6¢ Conclusion: the number of
_ : : [ interactions in prompt decreases, the
popularity score decreases along

0.577920 30 40 50
#Interactions |H|
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Trustworthy LLM4RS

 Hallucination (item ID indexing)

* Fairness

* Transparency
* Robustness

« Controllability
* efc.
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RUTGERS
Transparency

@ )

SApPTISY

Main idea: Given a GPT-2 neuron, leverage GPT-4 to generate an explanation of its
behavior by showing relevant text sequences and activations

Show neuron activations to GPT-4:

The Avengers to the big screen, Joss Whedon has returned to reunite Marvel's gang of superheroes for their toughest challenge
yet. Avengers: Age of Ultron pits the titular heroes against a sentient artificial intelligence, and smart money says that it could
soar at the box office to be the highest-grossing film of the

introduction into the Marvel cinematic universe, it's possible, though Marvel Studios boss Kevin Feige told Entertainment Weekly
that, "Tony is earthbound and facing earthbound villains. You will not find magic power rings firing ice and flame beams."
Spoilsport! But he does hint that they have some use... STARK T

, which means this Nightwing movie is probably not about the guy who used to own that suit. So, unless new director Matt
Reeves' The Batman is going to dig into some of this backstory or introduce the Dick Grayson character in his movie, the
Nightwing movie is going to have a lot of work to do explaining

of Avengers who weren't in the movie and also Thor try to fight the infinitely powerful Magic Space Fire Bird. It ends up being
completely pointless, an embarrassing loss, and I'm pretty sure Thor accidentally destroys a planet. That's right. In an effort to
save Earth, one of the heroes inadvertantly blows up an

GPT-4 gives an explanation, guessing that the neuron is activating on

references to movies, characters, and entertainment.

[1] Bills, Steven, et al. "Language models can explain neurons in language models." URL https://openaipublic. blob. core. windows. net/neuron-explainer/paper/index. html.(Date accessed: 87
14.05. 2023) (2023).
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Robustness

Robustness evaluation of different foundation models

Adversarial Robustness

80

(@)
o

DO
o

Attack Success Rate (%)
=
(]

Zero-shot F1 Score (%)

Its show that ChatGPT shows consistent advantage on adversarial and OOD tasks. However, its

100

107
Model Parameters (Billions)

102

80

Qut—of-distributipn Robustness |

(@)
o

>
(]

DO
o

100 10"
Model Parameters (Billions)

absolute performance is far from perfection, indicating much room for improvement.

[1] Wang, Jindong, et al. "On the robustness of chatgpt: An adversarial and out-of-distribution perspective." arXiv preprint arXiv:2302.12095 (2023).

102

@ © OO0 OO OO0 0o

DeBERTa-L
BART-L
GPT-J-6B
Flan-T5-L

GPT-NEOX-20B

OPT-66B
BLOOM
text-davinci-002
text-davinci-003
ChatGPT

Random
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Controllability

Controllable text generation: user can denote the style, content, or specific
attribute to inC|Ude in text. Finetuning some or all of the PLM's parameters

to produce text with specific attributes

Adapted Module

Prompt

Finetuning RL-inspired

Instruction Tuning

Changing the origial architecture of PLMs

Approaches for CTG or training a large conditional model from scratch
based on PLMs
Retrain
Retrain/Refactor PLMs Refactor

PLM's parameters are fixed, revising the PLM or re-ranking the generated text
in a post-processing manner

Guided Strategy

Post-Process Trainable Strategy

89
[1] Zhang, Hanqing, et al. "A survey of controllable text generation using transformer-based pre-trained language models." ACM Computing Surveys (2022).
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A Hands-on Demo of LLM-RecSys
Development based on OpenP5
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OpenP5

« An open-source platform for LLM-based Recommendation development,
finetuning, and evaluation

« OpenP5 is a general framework for LLM-based
recommendation model development based on P5 paradigm [1].

« Support different backbone LLMs, such as TS5, LLaMA.
« GitHub Link: https://github.com/agiresearch/OpenP5/tree/main

[1] Geng, Shijie, et al. "Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & Predict Paradigm (P5)." RecSys 2022.



RUTGERS
OpenP5

OpenP5 ' public

¥

O ODoDoDo Rk E R

main ~ ¥ 2 branches

© 0 tags

shuyuan-x Update README.md

data/Beauty

log/Beauty

src

LICENSE
OpenP5_more_results.pdf
README.md
environment.txt

prompt.txt

README.md

rewrite openp5 framework
rewrite openp5 framework
rewrite openp5 framework
Initial commit

upload more results
Update README.md
Create environment.txt

update code and command

Go to file Add file v

5baa917 now

OpenP5: An open-source platform for LLM-based
Recommendation development, finetuning, and

evaluation

Introduction

& Watch 3 ~

<> Code ~

O 35 commits

4 days ago

4 days ago

4 days ago

5 months ago
3 months ago
now

4 months ago

3 months ago

7

This repo presents OpenP5, an open-source platform for LLM-based Recommendation development, finetuning,
and evaluation.

[1] Geng, Shijie, et al. "Recommendation as Language Processing (RLP): A Unified Pretrain, Personalized Prompt & Predict Paradigm (P5)." RecSys 2022.
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OpenP5

» Popular datasets: 10 popular datasets, from Amazon, Yelp,

Movielens.
* [tem indexing [1]: Random, Sequential, Collaborative
* Downstream tasks: Sequential, Straightforward

« Backbone LLMs: T5, LLaMA

* Training acceleration: Distributed Learning, LORA

[1] Wenyue Hua, Shuyuan Xu, Yinggiang Ge, Yongfeng Zhang. "How to Index Item IDs for Recommendation Foundation Models." In Proceedings of SIGIR-AP 2023
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A Hand-on Demo

(base) sx86@wiserlab:~$% I
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Custom LLM-based Recommendation

* Apply new data: only require user-item interactions
* Apply new prompt template: add your prompt files

* Apply new backbone LLMs: import other backbone models pre-

trained from transformers



KL HHREG AL
ez (BB N.JTGERS HONG KONG ;PTISTTJT\HVERSITY

Summary and Future Vision
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The Future of Generative Recommendation

« Recommendation as Personalized Generative Al

« Generate personalized contents for users based on prompts
« Prompt: "l am traveling in Singapore, generate some images for me to post on Instagram”
» Personalized generation of candidate images for users to consider

r
—

B

i

*Image generated with The New Bing
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The Future of Generative Recommendation

« Recommendation as Personalized Generative Advertisement
 Personalized Advertisement Generation

« Same ad, different wording, real-time generation given user’s context

* e.g., an environmental protection ad for an NGO
For Children: For Business Leaders:

Join us in protecting our planet. Let's work Join the movement towards sustainability and create a brighter future
together to make the world a better place  for your business and our planet. By adopting environmentally-friendly
for ourselves and for future generations. practices, you can reduce your costs, attract new customers, and

enhance your reputation as a responsible business leader. 98
*Text generated with ChatGPT
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Summary

» Large Language Model for Recommendation — take aways
* From Discriminative Recommendation to Generative Recommendation
* From Multi-stage Ranking to Single-stage Ranking
* From Single-task learning to Multi-task learning
* From Single-modality modeling to Multi-modality modeling

» Key Topics
« Large Language Model based Recommendation Models and Evaluation

 Trustworthy Large Language Model for Recommendation
« Hands on tutorials of LLM-based recommendation model development

<t1> || <t2> | | <t3> | [<ta>|[<t5>| | <t6> | [<t7>| | <t8> | | <vo> | |<t10>| [<t11> |<t12>| [<t13>| [<t145| [<t155| [<t16>
t t t t t t t t t t t t t t t t t t
Bidirectional Text Encoder 6 Autoregressive Text Decoder

t t t t t t t

t t t t t t t t t t t
Token Emb. |what || star | |rating you Ithink‘ | _ H 23 Hwill“give“item“ _ H 73 H 91 H ? |

Position Emb. | <p1> ‘<p2> <p3> | <pd>| <p5> | <p6> | <p7> | <p8> | <p9> | <pl0O> <pll> |<pl2> <p13> <pld> |<pl5> |<pl6>

Whole-word Emb. | <w1> |<m2> <w3> <wd> | <w5>  <wé> <w7> <w8> <w9> <wi10>
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TORS Special Issue Call for Papers

 Topic: Large Language Models for Recommender Systems

« Submission deadline: December 15, 2023

* First-round review decisions: March 15, 2024
* Deadline for revision submissions: May 15, 2024
* Notification of final decisions: July 15, 2024
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