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Users 𝑈, Items 𝐼, and User-Item Interactions 𝑈 × 𝑰

• RecSys models learn from user-
item interactions, and/or 
ratings/reviews 
• To learn user preference 
• The goal is to reduce user cost 

(but what are those costs?)

• Assumption: if a user interacts 
with an item, it reflects some 
form of preference for that item.
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User-Item Interactions 𝑈 × 𝑰: The life cycle

• Pre-interaction judgment: When 
user is presented with a list of 
recommended items

• Interaction: When user interacts 
with a chosen item 

• Post-interaction: Rating/review 
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Hotel booking/staying as an example 

• Pre-interaction judgment
• A user is presented with a list of 10 hotels on a booking website
• A decision influenced by factors such as images, branding, location, 

price, or other readily available attributes. 
• Further efforts: Reads the hotel description, checks room facilities, 

and reviews user feedback before deciding to book. 
• Cost: the user’s time and effort in gathering relevant information 

• Interaction
• Stays at the hotel and gains firsthand experience.

• Post-interaction
• Provides feedback in the form of a rating and review
• Cost: additional effort of providing review/rating 
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• Primary reasons for choosing this hotel 
• Stay experience and genuine preference
• Gap between the expectations at 

booking and the true experiences

Image: Google Image Search



Complexity of Pre-Interaction Judgment

• Informed vs Uninformed Decision
• Whether user has the knowledge to accurately judge an 

item before interacting with it?
• Familiar items like books, movies, or other products the 

user has prior experience
• If a user has never used a robot before, many of the 

terms in the product description may be unfamiliar to 
them, even after reading user reviews.

• Uninformed decisions may not necessarily 
indicate user preferences. 
• It is challenging to determine whether a user’s decision 

was based on prior knowledge or made without a full 
understanding of the item.
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Image: https://robotsguide.com/robots/optimus



Items in One vs. Multiple Types/Categories

• RecSys for one type of items, e.g., books, movies, 
news, or music. 
• There are common characteristics, such as genre, 

director, or artist, that users can rely on for pre-interaction 
judgment before actually interacting with a recommended 
item

• RecSys for items of multiple types/categories, e.g., 
e-commerce 
• Users apply different criteria and expectations when 

making judgments for different types of items, for informed 
decisions.

• Shall user preference be based on item types/categories?
• User preference vs general associative patterns
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Recognition of User-Item Interaction

• User-item interactions are recorded as 𝑢, 𝑖, 𝑡𝑥  in 
most datasets. The interaction process can be 
complicated, e.g., E-commerce 
• Add to cart, make payment, receive delivery, and return?
• Should a return be considered a valid interaction for 

learning user preference?

• Absence of Pre-Interaction Judgment
• Music streaming and short-video viewing

• Users often do not actively select each item
• User feedback? 

• User engagement signals, such as skipping, fast forwarding, or 
continuing to watch/listen

• User tolerance? 
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Recognition of User-Item Interaction

• User-item interactions are recorded as 𝑢, 𝑖, 𝑡𝑥  in most datasets
• Unobservable Interaction

• Job recommendation 
• CV + Skills vs Job opening → applied job? Received an offer? Accepted the 

offer? 

• Interdependency across recommendations
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Recommendation vs User Cost

• The ultimate goal of a recommender system is 
• to reduce user effort in finding products or services of interest 
• to enhance their enjoyment of recommendations 
• to build trust in the system

• Different costs at various stages of the interaction process
• Pre-interaction judgment stage
• Interaction stage
• Post-interaction stage 

• Shall all forms of cost being considered in model/loss function design?
• Are the costs the same for different recommendation 

scenarios/applications?
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Task, Solution, and Evaluation

• Is the RecSys research task well defined?

• 𝑈, 𝑈 × 𝐼, 𝐼 → 𝑅𝑢
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Task, Solution, and Evaluation

• Is the RecSys research task well defined?

• 𝑈, 𝑡, (𝑈 × 𝐼)≤𝑡 , 𝐼𝑡 → 𝑅𝑡
𝑢
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https://www.ibm.com/think/topics/data-leakage-machine-learning 

https://www.ibm.com/think/topics/data-leakage-machine-learning


Task, Solution, and Evaluation

• Is the RecSys research task well 
defined?
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For repeated consumption

Impact: offline evaluation

Repeated consumption?

Many other item selection criteria by users: e.g., geo-distance 



When considering all these factors 
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The reality in academic research 
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Putting Users                     Back in the Loop
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