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Due to the dynamic dual influence on users and creators,

• simple diversification techniques cannot improve the diversity 

of a recommender system in the long run.

• What’s more, such techniques might cause polarization. 

Our Research Finding:

Motivation 1:  Relevancy vs Diversity

in Recommender Systems

Purely maximizing recommendation relevancy might cause 

undesirable outcomes:

• Filter bubble

• Polarization

• …

So, previous works have proposed various diversity-

improving techniques:

• Re-ranking

• Setting diversity-boosting objectives 

• …

Motivation 2:  Recommender Systems
Dynamically Influence Both Users and Creators

Although previous diversity-improving techniques are effective 

in a static system, 

A real-world recommender system has dynamic influences on 

both content users and content creators.

Model:  User-Creator Feature Dynamics

• 𝑚 users, each having a preference/feature vector 𝑢𝑗
𝑡 ∈ ℝ𝑑

• 𝑛 creators, each having a feature vector 𝑣𝑖
𝑡 ∈ ℝ𝑑

• Assume that the feature vectors have unit norm: ||𝑢𝑗
𝑡|| = ||𝑣𝑖

𝑡|| = 1

• Relevancy/similarity between creator and user is 𝑣𝑖
𝑡, 𝑢𝑗

𝑡 = cos 𝑎𝑛𝑔𝑙𝑒 𝑣𝑖
𝑡, 𝑢𝑗

𝑡

At each time step 𝑡 = 1, 2, … , the following events happen in order: 

• Recommendation: For each user 𝑗 ∈ 𝑚 , a creator 𝑖 ∈ 𝑛 is randomly 

sampled with probability 𝑝𝑖𝑗
𝑡 = 𝑝𝑖𝑗

𝑡 (𝑈𝑡, 𝑉𝑡) and recommended to that user.

• Example: Softmax probability function  𝑝𝑖𝑗
𝑡 𝑈𝑡 , 𝑉𝑡; 𝛽 =

exp 𝛽 ⋅ ⟨𝑣𝑖
𝑡, 𝑢𝑗

𝑡⟩

σ𝑘∈ 𝑛 exp 𝛽 ⋅ ⟨𝑣𝑘
𝑡 , 𝑢𝑗

𝑡⟩
> 0

• User Update: The preference of each user 𝑗 ∈ 𝑚 moves “towards” the 

recommended creator if the user likes the creator, otherwise moves “away”:

𝑢𝑗
𝑡+1 = 𝒫 𝑢𝑗

𝑡 + 𝜂𝑢 ⋅ sign 𝑣
𝑖𝑗
𝑡
𝑡 , 𝑢𝑗

𝑡 ⋅ 𝑣
𝑖𝑗
𝑡
𝑡

• Creator Update: Each creator 𝑖 ∈ 𝑛 is updated towards the weighted average 

of the matched users:

𝑣𝑖
𝑡+1 = 𝒫 𝑣𝑖

𝑡 + 𝜂𝑐 ⋅
1

matched users
෍

𝑗 ∈matched users

sign 𝑢𝑗
𝑡, 𝑣𝑖

𝑡 ⋅ 𝑢𝑗
𝑡

“biased assimilation” [1]

creators want to attract “fans”
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Illustration of user update

Main Theoretical Result:

Diversified Recommendation Leads to Polarization

Theorem 1: For any 𝑛,𝑚, 𝑑, and for any initial state,

assuming 0 < 𝜂𝑢 < 𝜂𝑐/2 < 1/4, 

as long as the recommendation probability satisfies 𝑝𝑖𝑗
𝑡 > 𝑝0 > 0,

the user-creator feature dynamics must eventually polarize (i.e., 

converge to two opposite directions).  

𝑡 = 0
(initial state)

𝑡 = 100 𝑡 = 200
(polarized state)

creator

user

A Possible Way to Mitigate Polarization:

Just Increase Recommendation Relevancy! 

We tested some methods for improving relevancy and efficiency: 

• Top-𝑘 truncation: for each user 𝑗 ∈ 𝑚 , sort the creators by the 

inner products 𝑢𝑗
𝑡, 𝑣 1

𝑡 ≥ ⋯ ≥ 𝑢𝑗
𝑡, 𝑣 𝑘

𝑡 ≥ ⋯ ≥ 𝑢𝑗
𝑡, 𝑣 𝑛

𝑡 . Only 

recommend one of the first-𝑘 creators. 

• Threshold truncation: Only recommend creators with 𝑢𝑗
𝑡, 𝑣𝑖

𝑡 ≥ 𝜏
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