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Joint Recommendations of Items and
Queries
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Previous literature

separately investigate

item and query

recommendations,

neglecting the

correlations among

them.

Figure: Comparisons between item recommendations and query recommendations.



Joint Recommendations of Items and
Queries
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Figure: Correlations between item recommendations and query recommendations.

User may search for a milk,
but leave negative feedback
on the returned milk items.

Query information provide
positive signal, whereas item
information provide negative
ones.

Queries delineate user needs 
at an abstract level, providing 
a high-level description, 
whereas items operate on a 
more specific and concrete 
level, representing the 
granular facets of user 
preference.



Current Challenges
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• [How to draw connections between items and queries?] To jointly consider the

items and queries, a core challenge lies in creating a unified metric for evaluating

queries and items.

• [How to model interdependence among queries?] Unlike items, queries exhibit a 

significant degree of  dependence. Here are three possible scenarios for each query-

query pair: (i) Mutual improvement: selecting one query increases the likelihood 

of  selecting the other query in the following round (e.g., selecting Milk would raise 

the probability of  selecting Whole Milk in the next round). (ii) Mutual inhibition: 

selecting one query decreases the probability of  selecting the other query in the 

following round (e.g., if a user selects Milk, it is unlikely that she would select Beef  

because milk and beef  belong to distinct categories. (iii) Mutual Independence: the 

selection of one query has minimal or negligible effects on the user’s decision 

regarding the other query (e.g., selecting Milk does not significantly influence the 

user’s preference for On Sale).

• .
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Relational Graph as Bridge
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Our main idea is to establish a relational graph to bridge queries and items

via their sharing words (and combinations of words).

Figure: Overview of our relational graph which encodes the connections between queries and
items and interdependence among queries.



Recommender System as Initializer
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Offline trained recommendation models are used as initializer to assign

scores to those nodes representing items and then propagate to other

nodes on the graph.



Label Propagation as Updater
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In a multiple-round recommender system, at each round, the system needs

to normalize all the scores of nodes in range of 0 to 1:

Then, we select a node with the highest score to recommend:



Label Propagation as Updater
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The corresponding user feedback is encoded by reassigning scores to

corresponding nodes:

Then, we update the scores of other nodes by the propagation:



Algorithm
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Our approach can be regarded 

as a combination of  non-

parametric recommendation 

methods relying on connections 

between queries and items, and 

parametric recommendation 

methods based on user 

browsing logs.



Integrate LLMs into MAGUS
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Prompt Design for MAGUS
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Experiment
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Conclusion
• MAGUS
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