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Masked item’s textAual representation . Item textual repre- \
f \ J sentation construction I
Masked item text prediction Token 1 Token2  --- Tokenm I |
T T I ; (a) Textual attribute selection ;
! |
[ Autoregressive text decoder ] , O O O O ol
Pre-trained | O |
1 e O .
language model | O O ;
[ Bidirectional text encoder ] | o
I
________________________________________________ I (b) Textual attribute ordering .
\ .
( Given the following purchase history of user: 1 ! O O |
Text sequence : <item_text_1>, ..., <masked_ item>, ..., <item_text_n>, : 1 [ O Q Q .
1 predict masked item purchased by the user? y "
Ve mm - T ————————————————————————————— t ————————— z / (¢) Different strategies in pre- :
R training and fine-tuning stages |

. . . \

[ Item textual representation construction & Text sequence construction ] N .
t t . Pre-train: Category Title 1
\ .
Item textual ‘ g : - _ _ y :
attribute Title  Category Brand Price Description e Title  Category Brand e Description Fine-tune: Category Title Brand ,
. 1
Ttem 1 . . . Itemn \' Price Description /~

User historical behavior sequence S e

Qu, Zekali, et al. Thoroughly Modeling Multi-domain Pre-trained Recommendation as Language. arXiv’23.
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The user has purchased these items: <historical interactions> . Based on this information, is it likely that the user will interact with <target item> next?

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>.
As a recommender system, your task is to recommend an item that is related to the user’s <vague intention> . Please provide your recommendation.

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

Here is the historical interactions of a user: <historical interactions> . His preferences are as follows: <explicit preference> . Please provide recommendations .
The user has interacted with the following <historical interactions> . Now the user search for <vague intention> , please generate products that match his intent.

The user has recently purchased the following <historical items>. The user has expressed a desire for <specific intention>. Please provide recommendations.

Zhang J, et al. Recommendation as Instruction Following: A Large Language Model Empowered Recommendation Approach. arXiv’23.
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2
Real World: & Bought Previous Memory
Traditional Recommender ¢ User Agent Memory: I adore energetic guitar-driven rock, and dance pop music...
% _ Pull v X * Pos Item Agent Memory: The CD ‘Highway to Hell’ is classic rock and AOR,
+—> c L= - B = . .

(] Push radiating raw energy and infectious melodies that captivate fans of classic rock...
"‘\——___55-——” *  Neg Item Agent Memory: ‘The Very Best of Prince’ is a Pop and Dance Pop CD,
Grad. based Optimization offering a collection of prince’s greatest hits for an enjoyable experience. ..

AgentCF Autonomous Interaction
;” P = § \ *  System Prompt: The first CD is [Memory], the second CD is [Memory|. Please
i:;anilgagi M, i select your preferred CD from these two candidates and provide an explanation.
E eedbac Autonomous E User Agent Response: I prefer ‘“The Very Best of Prince’... This CD resonates with
i v Interaction - i my preference for Pop and Dance Pop CDs. ..
o W 1 @ /i Reflection & Memory Update
i i o : *  System Prompt: You find that you don’t like the CD that you chose, indicating your
E Collaborative : preferences have changed. Please update your preferences.
e N Ff?fl_e < _t'l_czr_n_,_/ ________ S « User Agent Response: I adore energetic guitar-driven rock, classic rock, and AOR. I
U . _;:hi value classic rock for its raw energy and infectious melodies. I do not like Pop...
g,/ *  System Prompt: The user finds that he makes a unsuitable choice, possibly due to the
— /N dgh. Preference : .. o , > P
S, B » misleading information in CDs’ features. Please update the description.
& i * Pos Item Agent Response: ‘Highway to Hell” is classic rock and AOR CD, exuding a
%ﬁ’; raw energy and infectious melodies, ideal for energetic guitar-driven enthusiasts. ..

Zhang, J, et al. AgentCF: Collaborative Learning with Autonomous Language Agents for Recommender Systems. arXiv’23.
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Fairness objective
on selected attributes

personalized prompts

Task-specific  User-specific

prompts prompts User behaviors

Wu Y, et al. Selective fairness in recom-
mendation via prompts. SIGIR’22
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Backdoor in pre-training
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Wu Y, et al. Attacking pre-trained recommendation.
SIGIR’23



Tencent

Tencent
Hunyuan

®

B4R, 5k



	幻灯片 1: 大模型时代推荐系统的可能性
	幻灯片 2: 大模型+推荐系统的挑战：语言知识和人类行为的差异性
	幻灯片 3: 可能性一：彻底像建模语言一样建模推荐系统
	幻灯片 4: 可能性二：作为人类-推荐系统的灵活友好的接口
	幻灯片 5: 可能性三：万物皆有灵——推荐系统智能体网络
	幻灯片 6: Warning: 警惕推荐大模型的隐私/公平性/安全性问题
	幻灯片 7: 感谢聆听！



