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Abstract

Recommender systems serve the dual purpose of presenting relevant content to
users and helping content creators reach their target audience. The dual nature of
these systems naturally influences both users and creators: users’ preferences are
affected by the items they are recommended, while creators may be incentivized
to alter their content to attract more users. We define a model, called user-creator
feature dynamics, to capture the dual influence of recommender systems. We prove
that a recommender system with dual influence is guaranteed to polarize, causing
diversity loss in the system. We then investigate, both theoretically and empirically,
approaches for mitigating polarization and promoting diversity in recommender
systems. Unexpectedly, we find that common diversity-promoting approaches do
not work in the presence of dual influence, while relevancy-optimizing methods
like top-k truncation can prevent polarization and improve diversity of the system.

1 Introduction

From restaurant selection, video watching, to apartment renting, recommender systems play a pivotal
role across a plethora of real-world domains. These systems match users with content they like, and
help creators (those producing the content) identify their target audiences. Nevertheless, behind such
success, concerns have emerged regarding possible harmful outcomes of recommender systems, in
particular, filter bubbles (32, |5] and polarization [36] — outcomes with insufficient recommendation
diversity and creation diversity. Recommendation diversity, meaning the diversity of the contents
recommended to a user, is key to users’ engagement and retention on the platform. Meanwhile,
creation diversity, meaning the variety of content created on the platform, is a determinant of the
platform’s long-term health. In extreme cases, insufficient creation diversity can lead to consensus or
polarization, where the latter can cause conflict and hatred, diminish people’s mutual understanding,
and cause societal crises. Therefore, from both business and social responsibility perspectives,
championing and improving diversity in recommender systems is equally important as optimizing
recommendation relevancy.
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There is increasing emphasis in academia and industry on investigating and improving the diversity
of recommender systems, combating filter bubbles and polarization. Popular diversity-boosting
approaches include applying post-processing procedures such as re-ranking [[L1, 47] and setting
diversity-aware objectives in addition to relevance maximization [38} 44, 22|39/ [12]. These methods
aim to increase the recommendation diversity for users. Assuming that the contents on the platform
are static, these methods have been shown to bring diversity gain to the system.

However, an important aspect that is overlooked in the aforementioned approaches is that: users
and contents on a recommendation platform are not static entities — they can be influenced by
the recommendation made by the system. In content creation platforms like YouTube, TikTok,
and Twitter, recommendations naturally affect both content users and content creators. It is well
known that the exposure to recommended items can shift a user’s preference [24} 126/ [14]. On the
other hand, the creators have the incentive to change their creation styles constantly to attract their
audience better (and to make more profits from the platform) [[15, 20} 23]]. While the effects of
recommendation on either users or creators have been investigated separately, to our knowledge no
previous work considers both effects. The dual influence of recommendation on users and creators
causes complicated dynamics where users and creators interact and their preferences evolve together.
Such evolution might exacerbate filter bubble and polarization effects. Whether the aforementioned
diversity-boosting approaches still work in a dynamic environment with dual influence is questionable.

Our contributions The first contribution of our work is to define a novel, natural dynamics model
that captures the dual influence of a recommender system on users and creators, which we call
user-creator feature dynamics (Section[2). We leverage the users’ and items’/creators” embedding
vectors to represent their preferences and creation styles, and use cosine similarity to characterize the
relevance of creations and users’ interests (which is common in the recommender system literature
and practice). This model allows us to formally reason about the impact of various design choices on
the long-term diversity of a recommender system with dual influence.

Our second contribution is to demonstrate that, under realistic conditions, the user-creator feature
dynamics of any recommender system with dual influence must unavoidably converge to polarization
(Section[3), i.e., the preferences of users and the contents of creators will become tightly clustered
into two opposite groups, significantly reducing the diversity of the system. We demonstrate that this
phenomenon still occurs even after applying diversity-boosting interventions to the system.

Then, (in Section @) we investigate some real-world designs of recommendation algorithms in order
to look for techniques that mitigate polarization. Interestingly, we find that some common efficiency-
improving methods, such as top-k truncation, can both prevent the system from polarization and
improve the creation diversity. We also provide empirical results (Section [5]) on both synthetic and
real-world (MovieLens) data. As predicted by our theory, we find that systems with dual influence
more easily converge to polarization under diversity-boosting designs, while efficiency-oriented and
relevance-optimizing designs can in fact improve the long-term diversity of the system. This could
explain why polarization does not always happen in reality. Section [6]concludes.

1.1 Related Work

Diversity in recommendations Diversity, filter bubbles, and polarization in recommendations have
been important research topics in recent years, and they are closely related concepts with different
focuses. On the one hand, filter bubbles are frequently defined as decreasing recommendation
diversity over time [S]], which describes both the process and the outcome of insufficiently diverse
recommendations. On the other hand, polarization describes the negative outcome of insufficient
mutual understanding between people [36]]. In content platforms, an example of polarization is people
creating content with strong agreement or disagreement with other content under the same topic, e.g.,
political opinions. To combat these negative outcomes, previous works propose diversity-boosting
approaches including re-ranking [[11,47] and diversity-aware objective optimization [38 44 22} 39,
12 145]]. Despite having positive effects in situations where user preferences and creation styles are
fixed, these approaches overlooked the dynamic nature of recommender systems and our work shows
that certain approaches will make long-term outcomes worse under the dual influence.

Opinion dynamics Opinion dynamics study the effect of people exchanging opinions with others
on social networks [37, 17,29} 4]]. Our model of a recommender system with dual influence on users
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and creators resembles a bipartite social network, and our conclusion that the system converges to
polarization is conceptually similar to people reaching consensus on social networks [1, 110} 31} 146].
However, the technique we use to prove our conclusion (absorbing Markov chain) significantly differs
from the main technique (stability of ODE) in the mentioned works.

Performative effects of recommender systems The phenomenon that predictive systems like
recommender systems can impact the individuals interacting with those systems (e.g., users and
creators) is related to the literature of performative prediction [34,[18]]. These impacts can be direct,
such as individuals ostensibly modifying their features in order to obtain more desirable outcomes
[27]. Prior works on the performative effects of recommender systems (e.g., [7, 124} 14, 141} [15] 42}
35,120, 1311431 12, 23]]) only consider one-sided impact, either on users or on creators. Differing from
them, our work studies two-sided impacts, i.e., on both users and creators. We provide a table to
compare our work with previous works in Appendix [A]

2 Model: User-Creator Feature Dynamics

We define a dynamics model for user preferences and content/creator features in a recommender

system. LetU* = [u!]7 | = [ul,...,ul,] € R™™ be a population of m users and V' = [v}]1, =
[v],...,v}] € R¥*" be a population of n creators at time ¢, where each vector u’,v! € S

represent the preference/feature vector of each user and creator respectively, assumed to be on the
unit sphere S?~! with fo-norm. Then (U*, V'*) denotes the state of the dynamics at time ¢. The
dynamics evolve as follows at each time step ¢ > 0:

1) Recommendation: Each user j € [m] is recommended a creator, where creator ¢ € [n] is chosen
with a probability

pij = pi (U V). M
While we allow a wide array of different functions p! ’ (+), a common example of such functions is the
so-called softmax function:

exp(B(uf, vf))
> i exp(B(uf, vf))

A larger 5 means that the recommendation is more sensitive to the relevance of a creator to a user,
t oot
measured by (uf, v}).

(@)

pﬁj = softmax(ué, Vi) =

2) User update: After recommendation, each user j € [m] updates their feature vector ué, based on
which creator, say zg, was recommended to them:

ult =Pl 4 f (ol o). ®

Here, 1, € [0, 1] is a parameter controlling the rate of update, f(v;,u,) is a function that quantifies
the impact of creator ¢’s content on user j (discussed in detail later), and P(x) = ﬁ is the
projection back onto the unit sphere. Our user update model generalizes [[14], which considers

u§-+1 = P(ul; + nu (v}, ul)vl,), by replacing the inner product with a general function f.
J J

3) Creator update: Creators also update their feature vectors based on which users are recommended
their content. For each creator i € [n], let J! = {j : zz = i} be the set of users being recommended

creator 7, then v! is updated by:

vt = P(Uf 4 e Z g(u?,vf)u?), “)

t
7] jeJt

7

where 7. € [0, 1] is a parameter controlling the rate of update, and g(u;, v;) is a function that
quantifies the impact of user j on creator .

Impact functions f and ¢ Our results apply to any impact functions f and g that satisfy the

following natural assumptions. First, f(v;,u,) and the inner product (v;, ;) have the same sign:
>0 if(v;,u;) >0

f(vi,uj)is {< 0 if(viu;) <o This means that if a user likes the content ((vf,u}) > 0), then the
=0 if(v;,uj)=0.
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; will be updated fowards the direction of the creator vector vf If the user dislikes the

content ({v!, u§> < 0), then the user vector u% will move away from 'v;. Such “biased assimilation”
user behavior is well documented in the literature [[14]. Further, we assume upper and lower bounds

on |f]:

user vector u

|f(vi,uj)| <1, | f(vi,u;)| > Ly > 0 whenever (v;, u;) # 0.

The lower bound |f(v;,u;)| > Ly means that the exposure to an item that a user likes or dis-
likes always has some non-negligible impact on the user’s preference. For example, f(v;, u;) =
sign((v;, u;))a + b(v;, u;) satisfies both assumptions when Ly = a > 0 and b > 0.
>0 if {uj,v;) >0
For g, likewise assume that its sign is the same as (u;, v;): g(u;, v;) is {< 0 if{u;,v;) <0 Intuitively,
=0 if(u;,v;) =0.
this captures the incentive of a creator who aims to maximize the average ratings from users who are
recommended their items. On video platforms for example, if the creators are rewarded based on
the average rating of their videos, they will try to reinforce their creation styles based on the users
who give positive feedback ((u;, v;) > 0) so that their creations are more likely to be recommended
to those users. Meanwhile, the creators will also change their creation styles based on negative
feedback ({u;,v;) < 0), but in the opposite direction of the negative-feedback users’ interests, so
that their creations are less likely to be recommended to those users. Taking both scenarios into

: A
account, the creator moves towards the weighted average of user preferences » jert g(uf, vi)ut,

which is captured by our update rule (). A particular example of g is the sign function g(u;,v;) =
sign((u;,v;)) € {—1,0,1}. We will only consider the sign function g in order to simplify the
theoretical presentation. We believe that all our results can be generalized to other g functions
satisfying similar conditions as f; the details are left as future work.

3 Unavoidable Polarization

Having defined the user-creator feature dynamics in a recommender system with dual influence,
we now theoretically study how such dynamics evolve. Our main result is: if every creator can
be recommended to every user with some non-zero probability, then the dynamics must eventually
polarize.

Definition 3.1 (consensus and bi-polarization). Let R > 0. The dynamics (U, V'*) is said to reach:
* R-consensus if there exists a vector ¢ € R? such that every feature vector is R-close to c:
Vb, |uf — cll2 < R and Yo}, ||v] — c|l2 < R.

* R-bi-polarization if there exists a vector ¢ € R? such that every feature vector is R-close to +c
or —c: Vul, [|ul — clls < Ror||uf +c|la < R, and Yo}, ||lv; — ¢l < Ror [|vf +¢cl2 < R.

The dynamics is said to reach (R, c)-consensus (or (R, c)-bi-polarization) if the dynamics reaches
R-consensus (or R-bi-polarization) with the vector c.

Consensus is any state where all users and creators have similar feature vectors (with maximum
difference R), implying that they have similar interests or preferences. Bi-polarization is any state
where all users and creators are clustered into two groups with exactly opposite features (e.g.,
Republicans vs Democrats). Mathematically, consensus is a special case of bi-polarization.

Proposition 3.2. Bi-polarization states are absorbing: once the dynamics reaches (R, c)-bi-

polarization with some R € [0,1] and ¢ € S?~1, it will satisfy (R, c)-bi-polarization forever.
The same holds for consensus.

A natural property of a recommender system is that every creator can be recommended to every
user with some non-zero probability: pﬁj > po > 0 with some constant py. This is satisfied by the
softmax function, which is a rough model of real-world recommendation algorithms [13} 26]]: pgj =

eXP(ﬁ<u;7”f)) exp(—p8) __

i1 exp(B(uj,v)) = nexp(B)
systems (e.g., Yahoo! [28]] and Kuaishou [[16]]) intentionally insert small random traffic attempting
to improve recommendation diversity or explore users’ interests [25, 40], which will cause all
recommendation probabilities to be non-zero. We show in Theorem that, however, a recommender
system satisfying pfj > po > 0 must converge to polarization, under some additional conditions on
the users’ and creators’ update rates:

po > 0. Moreover, many large-scale real-world recomendation
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Theorem 3.3. Suppose g(u;,v;) = sign({u;,v;)), the update rates . < % andn, < % and the
recommendation probability pgj > po > 0,Vi, j,t. Then, from almost all initial states, the dynamics
(Ut, V') will eventually reach R-consensus or R-bi-polarization for any R > 0.

In other words, if the users’ and creators’ updates are not too fast and all recommendation probabilities
are non-zero, then all users and creators will eventually converge to at most two clusters (regardless
of the feature dimension d). Since creators in one cluster produce similar contents, users in such a
polarized system can never receive diverse recommendations. This means that the naive attempt of
imposing pﬁj > po > 0 cannot improve the diversity of a recommender system with dual influence.
The conditions on the update rates 7,,, 7). are only assumed to simplify the proof of Theorem[3.3] Our
experiments (in Section[5) will show that polarization still occurs even without those conditions.

Theorem [3.3]does not characterize the rate of convergence of the user-creator feature dynamics to
polarization, which we leave as an open question.

The proof of Theorem [3.3]is an absorbing Markov chain argument. It uses the following lemma:

Lemma 3.4. Suppose 1. < % and n, < . For any R > 0, for almost every state (U*, V') in

the state space, there exists a path (U, V') — (UL Vit — ... (UHT VT of finite
length that leads to an R-bi-polarization state (U1 V+T),

The proof of this lemma (in Appendix [F)) is involved. It uses induction on the number of creators n.
The base case of n = 1 is proved by a potential function argument. For n > 2, we first construct a
path that leads the subsystem of n — 1 creators and all users to R-bi-polarization. Then, depending on
where the remaining creator is, we construct a sequence of recommendations that leads the remaining
creator to one of the two clusters formed by the n — 1 creators and all users. Such recommendations
will move some users out of the formed clusters, which requires extra care in the proof.

Proof of Theorem[3.3] For any state (U*, V'*) in the state space, by Lemma there exists a path
(UL, VY — ... — (U VHT) of length T that leads to R-bi-polarization. Because every
creator can be recommended to a user with probability at least pg, each transition (U v Vt/) —
(U*'+1, V¥ +1) happens with probability at least pji*. So, the path of length 7" has probability at least
pT > 0, and the probability that the dynamics does not reach R-bi-polarization after KT steps is at
most (1 — p*T)X, which — 0 as K — oo. Therefore, with probability 1 the dynamics will reach
R-bi-polarization eventually. O

4 Discussions on Real-World Designs

Next, we discuss how 4 types of real-world recommender system designs affect the user-creator
feature dynamics: top-k truncation, threshold truncation, diversity-boosting, and uniform traffic.

(1) Top-k Truncation A prevalent practice in modern two-stage recommendation algorithms on
large-scale platforms, such as YouTube [13], is to first filter out items that are unlikely to be relevant
to a user, then make recommendations from the remaining items. In particular, we consider the top-k
truncation policy: for every user j, find the k most relevant creators, namely, the k creators whose
inner products with the user (v, u§> are largest (equivalently, the k creators whose probabilities
pﬁj of being recommended to user j are highest), then recommend one of those k creators to
user j with probability proportional to pﬁj. The other creators will not be recommended. This
practice significantly reduces the computation cost and improves the relevancy of recommendations.
Interestingly, we show that such a practice also has the potential to improve the long-term diversity of
a recommender system with dual influence.

Definition 4.1 (clusters). We say a state (U*, V') forms g clusters if there exist c1,...,¢c4 € R
and a small number R > 0 such that every feature vector is in the {5 ball of some c; with radius R
(denoted by B(cy, R) = {x : | — ¢/||2 < R}), and B(cy,2R) N B(ey,2R) = 0 for £ # 0.

It is clear that consensus has a single cluster, and bi-polarization has two.

Proposition 4.2. With top-k truncation, there exist states (U, V') that form |n/k| clusters and are
absorbing (i.e., once the system forms |n/k| clusters, it forms |n/k| clusters forever).
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This result is in contrast with Theorem [3.3] which shows that a recommender system where every
creator can be recommended to every user (pﬁj > 0) is doomed to polarize. With top-k truncation
where some pfj = 0, polarization can be avoided. Experiments in Section|5.3[support our prediction
that top-k truncation can reduce polarization and improve diversity.

(2) Threshold Truncation Besides top-k truncation, threshold truncation is another way to filter
out irrelevant creators: set a threshold 7 € [—1, 1] such that any user-creator pair with inner product
(u;,v;j) < 7 is not recommended. A natural choice is 7 = 0, meaning that users will not receive
recommendations predicted to be “disliked” by them. Increasing 7 is similar to increasing the 3 in
the softmax function, which improves recommendation relevance.

Proposition 4.3. In d-dimensional feature space, if user-creator pairs with (u;,v;) < 0 are not
recommended, then there exist stable states with d + 1 clusters.

Although truncation at 7 = 0 allows stable states with d + 1 clusters to exist, the dynamics does
not necessarily converge to such states; it can still end up with stable states with fewer clusters. In
fact, experiments (in Appendix [B.Z) show that truncation at 7 = 0 is not good for diversity and
causes severe polarization, while truncation at a large threshold like 7 = 0.707 is better at reducing
polarization.

(3) Diversity Boosting Diversity boosting aims to explore users’ interests and improve users’
experience by diversifying recommendation. For example, when making recommendations, the
model optimizes the objective:

hrel(<uiavj>) +phdi1;(li5ti7vj)a (5)
where h,.;, hqi, rewards the recommendation relevance and diversity respectively and [ist; records
the recent list of recommended items to user i. hg;, can take a simple form of 3 Jrelist; 1-—
(vjr,v;), and p > 0 controls the strength of diversity-boosting. Despite being successful when users’
preferences and items are fixed, this design alone cannot prevent bi-polarization in our dual-influence
dynamics, since the conditions in Theorem [3.3|are still satisfied and the users’ and creators’ update
rules remain the same. Experiments in Section [5.2]support our claim.

(4) Uniform Traffic Adding a small fraction of uniform traffic to the personalized recommendations
is another method proposed in previous works to improve recommendation diversity or to explore
user preferences [25} 16} 9} (8] 30]. This method gives a non-zero lower bound on the probability of
every creator being recommended to every user. So, as a corollary of our Theorem[3.3] it causes a
recommender system with dual influence to polarize. Such an observation is striking as it demonstrates
that optimizing for recommendation diversity in a static setting can ultimately lead to a huge loss of
the system diversity in the long run.

5 Experiments

We present experimental results on the behavior of user-creator feature dynamics on synthetic data
and real-world (MovieLens 20M) data and the effect of top-k truncation and threshold truncation on
the dynamics.

5.1 Synthetic Data Experiments

Setup The dynamics is initialized by randomly generating user and creator features on the unit
sphere in R?. We pick d = 10, number of creators n = 50, number of users m = 100. We use the
softmax recommendation probability function (). We simulate the dynamics for 7' = 1000 steps,
repeated 100 times each with a new initialization. We choose the sign impact function g(u;,v;) =
sign((u;,v;)) for creator updates. For user updates, we choose inner product f(v;, u;) = (v, u;).
The inner product function is studied in previous works on users’ preference dynamics (but not
creators’) [14]]. Note that the inner product does not satisfy the condition | f (v;, u,)\ > Ly needed in
Theorem[3.3] However, we still observe convergence to polarization in nearly all experiments. Thus,
even when this condition does not hold, users and creators still tend towards polarization in practice.

Three key parameters in our model are 3 (sensitivity of the softmax function), 7. (creator update
rate), and 7),, (user update rate). We set them to g = 1,7, = n,, = 0.1, and change one parameter at
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Figure 1: Snapshots of the dynamics simulated with the same initialization but different
recommendation sensitivity 5. A larger /3 resulted in more clusters at time step ¢t = 200.

a time to see its effect on the dynamics. We also test what happens when some dimensions of the user
features are fixed features that are not updated.

Measures To quantify the behavior of the dynamics, given user and creator feature vectors (U, V')
we compute the following measures, which cover diversity, relevancy, and polarization of the system:

* Creator Diversity (CD): diversity of the creator features, measured by their average pairwise
distance [47,[33]: CD(V) = m Doy 2y v — v

* Recommendation Diversity (RD): diversity of the contents recommended to a user, measured by
the weighted variance of the contents: RD(U, V; 8) = .- 37", >3 pijllvi — 751, where
T) = Niy pigvi and pij = 5P RIS,

* Recommendation Relevance (RR): relevance of the contents recommended to a user, measured by
the weighted average of inner products: RR(U, V; 8) = = 327" 711 pij(uj, v5).

» Tendency to Polarization (TP): This is a novel measure we propose to quantify how close the
system is to consensus or bi-polarization, measured by the average absolute inner products
between the creators: TP(V) =Ly Y v, 'u;c>'|. TP(V) being closer to 1 means that
the system is more polarized, because the term |(v;, v )| is 1 iff the two vectors v;, vy, are equal

or opposite to each other.

It is worth noting that a high creator diversity is necessary for simultaneously achieving high recom-
mendation relevance and high recommendation diversity. For example, they cannot be simultaneously
achieved in a polarized state.

Sensitivity Parameter § A larger 5 means that a user will be recommended more relevant con-
tent/creator with a higher probability. 8 = 0, on the other hand, means that the user receives uniform
recommendations across all creators. Our main observation from the experiments is: a larger (8
leads to higher creator diversity and alleviated polarization in the long run.

Figure [I] shows snapshots of the dynamics at different time steps under different 5 values. Here, we
choose dimension d = 3 instead of 10 so the feature vectors can be visualized on a 3d sphere. We see
that the system tends to form more clusters at time ¢ = 200 as [ increases.

Figure|2| shows the changes of the 4 measures CD, RD, RR, TP over time under different 3 values.
We see that a more diverse recommendation policy (a smaller 3) leads to lower creator diversity and
a higher level of polarization in the long run. In particular, while Creator Diversity reaches a similar
level under different 5 in the end, it drops at a slower rate with a larger 3 (see § = 5, 6). Moreover,
from the plot of Tendency to Polarization, we see that a larger /3 alleviates polarization, which means
improvement in the diversity of the whole system.

An explanation for our observation is the following: When f is smaller, each user receives more
uniform recommendations across all creators. So, for different creators, the sets of users recommended
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— B=0 — p=2 — p=4 — p=6 — B=8 — f=10 — ==

Creator Diversity Recommendation Diversity Recommendation Relevance Tendency to Polarization

0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
Time t Time t Time t Time t

Figure 2: Changes of measures over time under different sensitivity parameter 3, on synthetic data.
£ = 0 means uniform (non-personalized) recommendation. 8 = co means hard-max recommenda-
tion: only recommend the single most relevant creator to a user. Larger /3 reduces the tendency to
polarization.

to those creators have larger intersections. Since the creator updates are based on the sets of
recommended users, different creators will be moving towards more similar directions. This leads to
faster polarization. One can also predict this observation from Theorem 3.3} when /3 is large, the
minimum recommendation probability py of the softmax function tends to 0, so it might take a long
time for the system to converge to polarization, while with a small 5 the system polarizes quickly.

Update Rates 7. and n,, A larger 1. means that creator features are updated faster, and intuitively
should lead to faster polarization. This is validated in experiments: Figure [3]shows that a larger 7.
indeed causes more extreme polarization and lower diversity (both CD and RD). A larger 7,, means
that user features are updated faster. It has a similar effect of exacerbating polarization as 7). does, as
shown in Figure ]

— Nc=0.3 — Nc=0.1 — Nc=0.03 —— nR=001 —— n=0003 —— n=0.001 Nc=0.0
Creator Diversity Recommendation Diversity Recommendation Relevance Tendency to Polarization
14 1.0
0.9 07 09
13 06
o8 08
05 0.7
12 07
04 06
11 o8 03 05
05 02 04
10 03
04 01
0 200 400 600 80O 1000 0 200 400 600 8OO 1000 0 200 400 600 80O 1000 0 200 400 600 8OO 1000
Time r Time r Time r Time r

Figure 3: Changes of measures over time under different creator update rate 7., on synthetic data

— =03 — mp=01 — mp=003 — =001 —— n=0003 — n=0.001 Nu=0.0
Creator Diversity Recommendation Diversity Recommendation Relevance Tendency to Polarization
14 10
09 o 03
13 06
08 08
05 o1
1z 07
04 06
06
11 03 05
05 02 04
10 03
04 o1
0 200 400 600 8OO 1000 0 200 400 600 600 1000 ) 200 400 BOO  BOD 1000 0 200 400 600 80O 1000
Time t Time t Time t Time t

Figure 4: Changes of measures over time under different user update rate 7,,, on synthetic data

Number of Fixed Dimensions We also consider the scenario where some dimensions of the user
feature vectors are fixed features and thus not updated from round to round (e.g., age, gender), which
is a realistic scenario. Detailed results are in Appendix [B.1] The main observation is: as the number
of fixed dimensions increases, the diversity of the system improves and the degree of polarization
is reduced. This is similar to the effect of decreasing user update rate 7,,. The observation that
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fixed dimensions of user features help to improve diversity might be a reason why the recommender
systems in practice are not as polarized as our theoretical prediction.

5.2 Real-World Data Experiments

In this part, we conduct experiments on the MovieLens 20M dataset [19]]. We use a real-world two-
tower recommendation model with 16-dimensional tower tops as the user and creator embeddings
(Figure[9). The model is initialized by fitting a two-tower model [21] on the existing MovieLens
rating data and using the tower tops as the initial user and creator embeddings. Then we follow
Algorithm|[T]to simulate the dynamics.

Figure [S|shows the effect of the recommendation sensitivity parameter 3 on the system. Similar to
the synthetic data experiments, a smaller 3 (more diverse recommendation for the users in the short
term) results in faster polarization. We note that the joint results on CD and TP are more informative
than each one alone: despite 3 = 0 has a higher creator diversity than 3 = 2 at T' = 500, the system
reaches polarization more quickly under 5 = 0. The higher creator diversity under 5 = 0 is because
the two clusters in the bi-polarized state are more balanced so the average pairwise distance between
the creators is higher under 8 = 0 than under g = 2.

Figure [6] shows the effect of using diversity-aware objective (Eq.[5) for diversity boosting. We
see that myopically promoting the short-term recommendation diversity (using a larger p) results a
higher creation diversity but also a higher tendency to polarization. A possible explanation for this
phenomenon is, similar to the case with 3, the system polarizes into two balanced clusters which
actually have a large average pairwise distance. In this case, Tendency to Polarization is a better
measure for diversity loss than Creator Diversity (average pairwise distance).

— B=0 —— B=1 — B=2
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Figure 5: Experiment on MovieLens 20M dataset under different recommendation sensitivity 3
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Figure 6: Experiment on MovieLens 20M dataset with diversity-aware objective under different p

5.3 Top-k Truncation and Threshold Truncation

We experimented with top-k truncation on the synthetic data (Table|[T)) and the MovieLens dataset
(Appendix . Our main observation is: a small k improves the diversity of the recommender
system and reduces polarization. This is consistent with our theoretical prediction (Proposition 4.2)).
However, there is a tradeoff between the diversity of recommendations to users (RD) and the diversity
of creations in the system (CD and TP). A top-k truncation policy with small & is “not diverse” for
users because it exposes a user only to a small set of contents. However, such a policy can lead to a
more diverse outcome in the whole system. This tradeoff is worth further studying.
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Table 1: Diversity improvement by top-k truncation on synthetic data

k || Creator Diversity | Recommendation Diversity | Recommendation Relevance | Tendency to Polarization
50 1.00+ 03 0.4210.01 0.76+0.01 1.00419-3
25 0.524 32 0.03+0.03 0.97+0.02 0.9140.13
20 0.91+ .15 0.00+0.01 1.00+0.01 0.6810.12
10 1.17+ .06 0.0049-3 1.0041¢-3 0.50+0.07

5 1.31+ 02 0.004,9-3 1.00449-3 0.35+0.03

1 1.40,,0-3 0.004 -3 1.004,0-3 0.2710-3
50 0.954 14 0.02+0.02 0.9940.01 0.91+0.10
25 0.80+ .24 0.00+0.01 1.00410-3 0.77+0.13
20 0.89+ 13 0.004,9-3 1.004¢-3 0.7440.11
10 1.18+ 05 0.00419-3 1.0041¢-3 0.4940.07

5 1.314 02 0.004 -3 1.004¢-3 0.3440.03

1 1.40,,0-3 0.004 -3 1.00,,9-3 0.271,0-3

We also experimented with threshold truncation on synthetic data (Appendix[B.2)) and MovieLens
data (Appendix [C). The effect of a large truncation threshold 7 is similar to the effect of a small k in
top-k truncation.

6 Conclusion

Our work defines a dynamics model to capture the dual influence of recommender systems on user
preferences and content creation. Although our model is a theoretical abstraction, we believe that
it captures the essence of a real-world recommender system, and our effort is an important initial
endeavor to study diversity in recommender systems with dual influence. (See Appendix [H|for some
additional discussions on real-world recommender systems.) We specifically point out different
concepts of diversity in recommender systems (creation diversity, recommendation diversity, and
tendency to polarization) and provide theoretical and empirical evidences to show that, due to dual in-
fluence, myopically optimizing recommendation diversity might hurt the long-term creation diversity
and result in polarization of the system. We also explore popular design choices in recommender
systems and show an interesting and somewhat counter-intuitive result that designs purely targeting
efficiency improvement (e.g., top-k truncation) can alleviate polarization. We believe that the insights
from our work are valuable to building healthy and sustainable recommender systems, and our results
can inspire more sophisticated solutions for improving the long-term diversity of recommender
systems to be developed.
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A Additional Discussions on Related Works

Table 2: Comparison between our work and some previous works on performative effects of recom-

mender systems

Adaptive Adaptive Dynamics or .
Works Users? Creators? Creator Reward Equilibrium? Content Adjustment Model
. Conditioned on previous time step;
Ours Yes Yes User engagement Dynamics implicit cost of content adjustment
. Conditioned on previous time step;
L] No Yes Exposure Dynamics explicit cost of content adjustment
[42] No Yes User engagement Dynamics Freely choose without cost
[35] No Yes User engagement Dynamics Freely choose without cost
[23] No Yes Exposure Equilibrium Freely choose with cost
[20] No Yes Exposure Equilibrium Freely choose without cost
[7]] No Yes Exposure Equilibrium Freely choose without cost
(2] No Yes User engagement Equilibrium Freely choose without cost
[43] No Yes Dem.gn.eq by a welfare- Dynamics Freely choose without cost
maximizing platform
[14]] Yes No! N/A Dynamics N/A
[41]] Yes No! N/A Dynamics N/A
31 Adaptive and | N/A Dynamics N/A
adversarial

I: These works study the design of recommendation algorithms for the platform with a fixed set of
content, without explicitly modeling the content creators.

B Additional Experiments on Synthetic Data

B.1 Number of Fixed Dimensions

In this part, we consider the case where some dimensions of the user feature vectors are fixed
features and thus not updated from round to round (e.g., ages, genders). Formally, we fix the first
k < d dimensions. The remaining d — k dimensions u’[k + 1 : d] = (uf[k 4 1],...,u}[d])
are updated according to the following rule: ué“[k +1:d = [lulfk+1:d]| Plufk+1:
d]+n. f (v, ut)v}[k+1: d]). The multiplication by ||u’[k+1 : d]|| ensures unit norm [|u/"*(| = 1.
The effect of the number of fixed dimensions on the dynamics is shown in Figure [/| We see that
the diversity of the system improves as the number of fixed dimensions increases, and the degree of
polarization is reduced. This is similar to the effect of decreasing user update rate 7,, in Figure [
The observation that fixed user features encourage diversity might be a reason why the recommender

systems in practice are not as polarized as our theoretical prediction.
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B.2 Threshold Truncation

Table [3|shows that the effect of different thresholds in threshold truncation on the long-term diversity
of the system. We see that truncating at 7 = 0, which corresponds to 90° angle between u; and v;, is
not good for diversity, resulting in the lowest creator diversity measure (CD) and highest tendency to
polarization (TP). Truncating at a large threshold like 0.707 is good for diversity, instead.

Figure [§|shows how the diversity measures change over time, under different truncation thresholds.

Table 3: Diversity improvement by threshold truncation on synthetic data

B | threshold 7 | CD RD RR TP
—cos(60°) = —0.5 1.004+0.03 0.00£1073 1.00+£10~3 0.99+103
—cos(72°) = —0.309 | 0.96 £0.06 0.01+0.02 1.00+0.02  0.92+0.10
cos(90°) = 0 0.03+0.16 0.00£1072 1.004£1073  0.99 & 0.04

0 | cos(72°) = 0.309 0.72+£0.30 0.00+107% 1.00£1072 0.8140.12
cos(60°) = 0.5 1.16 £0.11  0.00£1072* 1.00+£10~2  0.47£0.10
cos(45°) = 0.707 1.37+0.02 0.00£10* 1.00+£10°3 0.33+0.02
cos(30°) = 0.866 1.30£0.03 0.00+10"3 1.00£10~2  0.55+0.05
—cos(60°) = —0.5 0.98+0.04 0.00+0.02 1.00£0.01  0.96 4 0.04
—cos(72°) = —0.309 | 0.9240.08 0.00£0.02 0.994+0.02  0.87+0.10
c0s(90°) = 0 0.13£0.31  0.00+10"% 1.00£1072  0.9740.08

1 | cos(72°) = 0.309 0.85+0.16 0.004+1073 1.00£10"2 0.76 +0.11
cos(60°) = 0.5 1.214+£0.07  0.00£107% 1.00+£107%  0.43 £0.08
cos(45°) = 0.707 1.384+0.01 0.00+10"* 1.00+10"2 0.30+0.01
cos(30°) = 0.866 1.334+£0.02 0.00£1073 1.00+£107%  0.47 £0.04
—co0s(60°) = —0.5 0.91£0.18 0.01£0.02 1.00£0.01 0.83£0.10
—co0s(72°) = —0.309 | 0.85+0.23 0.00+1072 1.00£107% 0.78£0.11
cos(90°) = 0 0.64+0.33 000+107% 1.00£1072 0.8140.12

3 | cos(72°) = 0.309 1.01£0.14 0.00+£107* 1.00£107% 0.64+0.14
cos(60°) = 0.5 1.264+0.05 0.00£10"3% 1.00+£10"%  0.38 £0.06
cos(45°) = 0.707 1.39+0.01 0.00£10"* 1.00+10"2 0.28+0.01
cos(30°) = 0.866 1.37+£0.01 0.00+£1072 1.00£107% 0.34+0.01
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Figure 8: Changes of measures over time under different truncation threshold 7, with § = 1, on

synthetic data
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C Additional Experiments on Real-World Dataset

C.1 Details of the Recommendation Algorithm

Predictions on User-Item Pairs

Inner Product

Predicted Item/Creator Predicted User
Embedding Embedding

Item/Creator Tower
[ DNN } [ User Tower DNN }

[ Item/Creator ID ] [ User ID }

Figure 9: Two tower model for the MovieLens experiment, where the two towers both have size
16 x 16 with linear layers and ReLu activations.

Algorithm 1 Real-world Recommendation with Dual Influence

Input: ¢ = 0, actual embedding U, V() true labels Yigo) = y(ugo), v§0)), initial parameter

0©) (which includes the predicted embedding U© v
repeat

Let temporary parameter w©® «— 9

Compute loss £(8®), Y1)

for s=1tom — 1do

wtt) — 06) — V¥, L(w®), YD)

end for

Ot+1) o qp(m)

Deliver recommendations based on U (t+1) V7 (t+1)

Update U+ V(41 apd Y (41

t—t+1
until |9 — 9=, <6
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C.2 Top-k and Threshold Truncations

We also try top-k and threshold truncations (Section @) on the MovieLens 20M dataset. Here, we
have n = 2000 creators and m = 2000 users, with feature dimension d = 16. The results for top-k
truncation are in Table [d] and Figure[T0] Similar to the experiments with synthetic data, we see that a
smaller k£ improves Creator Diversity (CD) and Recommendation Relevance (RR), reduces Tendency
to Polarization (TP), yet worsens Recommendation Diversity (RD).

Table 4: Diversity improvement by top-k truncation on MovieLens 20M dataset
B |k | CD RD RR TP

2000 [ 1.00£10=° 1.00+£10°3 0.00+£10~° 1.00+£10°3
1000 | 0.30 +0.04 0.03 +0.01 0.88 +0.01 1.00 £ 103
o | 500 | 1.10+0.06 0.00+1073 1.00+10"3 0.43+0.03
100 | 1.36+1073 0.00+10"3 1.00+£10~% 0.28£0.01
10 1.40+107%  0.00£1073 1.00£10~3 0.20+1073
1 1.40+10~3 0.00+£1073 1.00+£103 0.20+10°3
2000 | 1.00+£10~% 0.42+10°3 0.92+0.01 1.00 £ 1073
1000 | 0.61 +0.16 0.03 +0.01 0.97 +0.01 0.90 & 0.06
500 | 1.14 4+ 0.04 0.00+10"3 1.00+10~3 0.41+0.04
100 | 1.35+0.01 0.00+1073% 1.00+10~2® 0.27+10°3
10 1.40+10~% 0.00+£107% 1.00£10=3 0.204+1073
1 1.404+10"3 0.00+10=% 1.00+103% 0.20+10°3
2000 | 0.92 £0.07 0.02+0.01 0.99+10"2 0.91+0.05
1000 | 0.65+0.18 0.00+£1073 1.00+103 0.69+0.14
3 [ 500 | 1.07+0.07 0.00+1073 1.00+107% 0.48+0.11
100 | 1.36+0.01 0.00£1073 1.00+£103 0.274+0.01
10 1.40+10~2 0.00+£10"% 1.00+10~3 0.204+ 103

1 1.40+1073 0.00£103 1.00+1073 0.20+1073
— k=1 k=10 —— k=100 —— k=500 —— k=1000 —— k=2000
Creator Diversity Recommendation Diversity
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Figure 10: Changes of measures over time under different &, with 5 = 1, on MovieLens 20M dataset
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Results for threshold truncation are in Table[5|and Figure[T1] Similar to synthetic data, we see that a

large (but not too large) threshold like 0.707 is good for improving CD and TP.

Table 5: Threshold truncation with different thresholds on MovieLens 20M dataset

| threshold 7 | CD RD RR TP
—cos(60°) = —0.5 1.00£10°%  0.00+10~% 1.00+£10~3 1.00£ 1073
—cos(72°) = —0.309 | 1.00£10"%  0.00£107% 1.00£10"% 1.00+ 1073
cos(90°) = 0 0.01£0.01  0.00£10"% 1.00£1073% 1.00+1073
0 | cos(72°) = 0.309 0.83+£0.08 0.00+107% 1.004+10"* 0.7240.09
cos(60°) = 0.5 1.20+£0.05  0.00+1073 1.00+1073 0.46 4-0.07
cos(45°) = 0.707 1.39+10°% 0.00+10"% 1.00+£10"% 0.204+103
cos(30°) = 0.866 1.36 1073  0.00+£107% 1.00+10~% 0.40 +0.01
—cos(60°) = —0.5 1.00£107% 0.00+1073 1.00+£1073 1.004£1073
—cos(72°) = —0.309 | 0.96 £0.03  0.00+ 1072 1.00£1073 0.95+0.03
cos(90°) =0 0.0240.02  0.00+107% 1.00+107% 0.99+1073
1 | cos(72°) = 0.309 0.83+£0.07 0.00+107% 1.00+107% 0.66 & 0.10
cos(60°) = 0.5 1.18 £0.06  0.004+10"% 1.004+0.01 0.44 £ 0.07
cos(45°) = 0.707 1.40+£10°3 0.00+107% 1.00+£107% 0.204+103
cos(30°) = 0.866 1.354£0.01  0.00+1073 1.004+10"3 0.40 4 0.02
—cos(60°) = —0.5 0.77+£0.27  0.00+10~% 1.00+10~% 0.86 & 0.09
—cos(72°) = —0.309 | 0.80£0.24  0.00+£1073 1.00+£1073 0.79+0.13
cos(90°) =0 0.04+£0.02 0.00+107% 1.004£1073 0.98+0.01
3 | cos(72°) = 0.309 0.99+0.11  0.00+107% 1.00+10"% 0.5540.13
cos(60°) = 0.5 1.26 £0.05  0.00+10"3 1.00+£10"% 0.36 +0.06
cos(45°) = 0.707 1.404+10"3 000+1073 1.00£1073 0.20+1073
cos(30°) = 0.866 1.36 £1073  0.00+1073 1.00+£10"3 0.3940.01
— T=-0.5 — T= —0.309 — T=0 — T1=0.309 — 1=0.5 — 1=0.707 T=0.866
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Figure 11: Changes of measures over time under truncation with different threshold 7, with 5 = 1,

on MovieLens 20M dataset
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D Useful Lemmas

This section provides some lemmas that will be used in the proofs. They are mainly about some
properties of the dynamics update rule.

Claim D.1. For vectors x,y € R with unit norm ||z||2 = ||y||2 = 1, we have:

* e -yl =2(1—(z,y))

* (zy) =1 5llz -yl
Lemma D.2 (Convex Cone Property). Let z1,...,2; € R? be vectors with norm ||zt||2 = 1.
Suppose (z;,y) > 0 for everyi = 1,...,k for somey € RY. Let x = P(Zle a;z;) for some
ai,...,ar > 0 (namely, x is the normalization of some vector in the convex cone formed by
Z1,...,2k). Then, we have

k k
(z,y) > min(zi,y) > 0 and [z -yl < max|z -yl > 0.

Proof.
k

SF L aiz
@, y) = (—ZEE ) = ———— Y ailzy)
sz 1azzzH2 sz 1azz2H2 i=1

k k
1 k k Y
> 7Zazmm<z“y> = min(z MJ)%
| Zz 1‘1121”2 i=1 “21:1 a;zil|2
k koo k
> mi{l<zi,y>M = min(z;,y).
1=

Yiiai
This proves the first inequality. To prove the second inequality, we use Claim and the first
inequality:

lz =yl = v2(1 — {z,y)) < \/2(1*miin<zz',y>) = maxy2(1 - (z;,y)) = rgljagllzfyl\z-

L]
Lemma D.3. Let x*,y, z' € R be vectors with norm ||x < 1. Suppose
(', y) >0, (2!, y) > 0. After the update '+! = P(x' + nzt), we have
t+1 ot > n ( t ot t )
<:B T, y> = 1+7,]Hsz2 <Z ’y> ”Z ||2<:B ’y>
As a corollary, if y = 2% and ||zt||2 = 1, then
tH1 ot ity (1 _ t )
@ —at 2 > T (1- s
Proof. By definition,
¢ t
+nz
ot gt y) = < T 7wt,y>
< ' = el
1 n
= - 1) * :I}t, + * zt,
(o, ~ 1) @0+ g, )
1 n
because ||z° + nz'|]2 < 14 7(2"]2) > (7—1)~ zhy) + ———— - (2
_ N ( t t t )
= —————— (2%, y) — [|2"](x", y) ).
O]

Lemma D.4. Let !, 2t € R? be vectors with norm ||zt||2 = 1, ||2%||2 < 1. Suppose (xt,z') >0
and 1 > 0. Then the update !t = P(x! + n2t) satisfies
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@t - et 2 2 Lt ot}
2t~ < ol

Proof. Let 't = ! + nzt, so xt = P(z!*!) and 2! = %(5}”1 — x!). Then we have
1<wt+1 —at, B gty

n
Because (x!, 2!) > 0, the vector Z!T! = x! + nz! has length > 1 and hence is outside (or on the
surface) of the d-dimensional unit ball. Since ! = P(z!*!) is the projection of £!*! onto the unit
ball, and 2! is another vector inside the unit ball, by the “Pythagorean property” (Proposition 2.2 in
[6]), we must have (x! — x!+1 &+ — g!*+1) < 0. This implies

(2t — ot 2t) =

1
(@ — gt 2t > 5(<wt+1 C gt EL gty 4 (@t — gt gt act+1>)
1 1
_ 7<:L‘t+1 _ :L't, wt—H _ :L‘t> _ 7||wt+1 _ th%’
n n

which proves the first claim. To prove the second claim, we use Cauchy-Schwarz inequality:
1
Sl -3 < (@ -2t 2f) < T - ala]2)..

This implies ||z!™ — 2t < n||z![2. O
t
ik
creator i (so the user is updated by utJr1 = 73( -+ o f (VF, ul ) 1)), and creator i is updated by

vt“ P(vl + neal) with ||al|2 < 1 and (v}, al) > 0at each time step. Assume:

Lemma D.5. Consider a creator v} and a user u%. Suppose the user is always recommended

* The inner product (u?7 v?) > 0 initially. (Note that (u?, u?/> needs not hold.)
* There exists some constant Ly > 0 such that f(v;,u;) > Ly > 0 whenever (u;,v;) > 0.

'ncg%and0§nu<l

t

Then, we have (uf;,v}) > 0 in all time steps.

Proof. We prove by induction. Suppose (u}, vf) > 0 already holds. We prove that (u B ity > 0
will also hold. Take the difference between (ut+1 vty and (uf, v}):
<u§+17vf+1> <u§7vt> = (ué“,vf“ — vl + (u?“ ué,vt>

For (u; il ul, v}), using Lemmawith x! = uf, 2" = v}, and n = n, f(v], u}), we get

t+1 t oot uf (v;,u) t ot nuLyg t ot
(Wi — g vl) 2 ey (1= (g 00)) = s (1= (ul, v).

For (uf*!, v/™" — v}), by Cauchy-Schwarz inequality and Lemma

(uj™, v; villz > =1 neflaiflz = —ne.

FLut =) > =l el -

o 11— (ub,vp) > > 1(1+n,Ly), then we have

<u;+1,vf+1) (uf,vf) > nuLsz—n. >0

by the assumption of 7, < %
' If1—<u 'U> (1+77uLf) then we have

(uy ™ o) = (uf,v) > 0 -

= <u§+17vf+1> > <'U']vv> Ne 2 %_%nu[ﬁ‘_nc >0

under the assumption of 7. < % and n, <
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The above two cases together ensure (u’"!, v/*!) > 0. O

Lemma D.6. Consider a system of one user and one creator that satisfies <u9,v?> > 0 and

(ud,y) > (v, y) > 0 for some y € R* with ||y|| < 1 initially. The creator is always recommended
to the user (so the updates are u’"' = P(ul +n, f (v}, ul)v}) and v[™" = P (v} +ncub)). Suppose

Ne < n”2 Land 0 <y, < 3. Then, we have.

 (uf,y) > (vi,y) > Oforallt > 1.
* Suppose (u?7y> — (W), y) = D > 0. Forany R < D, after T = ﬁln% steps, we
have (v{',y) — (v, y) > ;2 -(D — R).

Proof. We prove the first item by induction. Suppose (u},y) > (v},y) > 0 holds. Consider
t + 1. First, by Lemma (vi*! y) > 0 holds. Then, we prove (u Hl,y) > (vit y). Let
f=f(vf,ul).

< t+1 t+1

wltl y) — (! y>:<J£i@ﬁi,>_<Jiiﬁﬂf >
i i )

Y Y
[[uf + mufof]l2 l0f + newjll2

e )<U§-,y> - ( ! - T )(vf7y>

] +17ufvt||2 [CHE A P o} +meufll lluf+nufoill

Ne t 1 N f t
> < )<Uiay>_< - )<vi7y>
[ +77ufvt||2 [vf + neufll2 [vf +neufllz [luf + nufoill2

L+ nuf L+, ) t
= <’U‘ay>
luf +nufollls o] +newlfl/
1 1
_ +7]uf + 7e )<'Uf,y>
1+ 2n.f( 77 vf) + (uf \/1+2770 3 vf) + ()2
Let a = (u},v) < 1. We note that the function
h(n) = 1+7n 14240t 1 (2—2a)n 1 2(1 —a)
N T+ 2na + n? 1+ 2na + n? 1+ 2na + n? %+2a+77

. o . WL u
is increasing in ) € [0, 1]. Under the assumption of n, < 242L < % < Nuf, we have h(n.) <

h(n. f) and hence B
<u§_+17y> — <'Uf+17y> > (h(nuf) - h(nc))<v§’ y> = 0.

We then prove the second item. Using Lemmafor vf“ =P(vi+ ncug-), we get

(o] — vl y) > 1261; (<U§-,y>—<vf7y>)~

Using Lemma@for ui™ = P(uf + 1. f (v}, uf)vf) and using the fact (v}, y) — (uf,y) <0
proved in item

§_+1_ ty) > 1 f (v}, Ut)

(u > m(@faw - <u§7y>) > 1_7_unu ((vf,y) — <u§,y>)

Rearranging the above two inequalities:

L+
() — ) > () — G0k )

L+ 1
= () — ) > (o) — ().
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Summing the above two inequalities over ¢t = 0,1,...,7 — 1:

147 1+n,
= (el = ) - = (] )~ (. y)) 2 0. ©)
According to Lemma |F.1| after at most 7' = L In 25 steps, we have [[ul — v]'[|; < R. This

implies (u] ,y) — (v ,y> (ul —vl,y) < ||u —v}|| < R and hence

(@l o —hy)— (@] ,y>7<uj,y>) = (W) y)—0ly) - (W] -0l y) > D-R.

(7N
Multiplying (7) by HTZ and adding to (6):
() (@l ) - 0fm)) = —(D - R).
Ne N um

This implies

i/

EN Ne(1 + 7u) Ne
(! y)— (), y) > g (D—R) = D-R)> — (D-R).

Wiy 2 1—;:76 %( (1 +ne) +770(1+77u)( Nu +77c(

given 1, < 1y, O

The following lemma shows that, when we reflect some of the feature vectors in a system (U?, V) =
({u}}jem), {vf Yicm))- there is a correspondence between the behaviors of the system with the
reflected vectors and the original system.

Lemma D.7 (Reflection). Let (U', V') = ({u}}jcm), {v} Yicm)) be a system of m users and n
creators with impact functions f,g. Let a;,b; € {+1,—1}, Vi € [n], Yi € [m] be some binary
constants. Define:

t it St oot 4t
=bju; = tu, v; = a;v; = Lv,.

U J 77

t
J
and impact functions

F(@i,15) = asb; f (v, uy), g(u;, v;) = a;bjg(uj, v;).
Then:

e There is a “correspondence” between the evolution of the system (U', V') with impact
functions f,g and the evolution of the system (U',V*) = ({0} ;e(m), {0} }iein)) with
impact functions f g. Formally, suppose every user is recommended the same creator

in the two systems then the updated vectors in the two systems still satisfy the relations:

Sl _ S+l t+1
u; " =bju; T, v = av;

e Ifthe system (Ut, V) is in R-bi-polarization, then the original system (U*, V') is also in
R-bi-polarization.

Proof. Consider the first item. Suppose user ¢ is recommended creator j at time step ¢ in the two
systems. Then by definition, the updated user vectors in the two systems satisfy

a/tt = P(aj+ nuf (@, al)o!) = P(bjul + neasb; f(vl,ul)a;vl)
P(bjuj + nubjf(vi, uj)'vf) = bﬂ’(u} + nuf(vf, uﬁ)vf) = b utJrl
Suppose creator ¢ is recommended to the set of users .J at time step t in the two systems. Then,

~t+1
v; = ’U + L |J| E g(u J? v;)
jeJ

= azv + \J\Zal ]g Ja 7, )

jeJ

= Zazg u;, z )

jeJ

_ S |
= ‘J‘Eg ]71 = aq;v;" .

JjeJ
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This means that the evolution of the system (ﬁ ¢ f/t) has a correspondence to the evolution of the
original system (U*, V'*).

Consider the second item. Suppose (U*, V*) is in R-bi-polarization, so ©! = v} is R-close to +c
¢ is R-close to +¢

and @} = :i:uz» is R-close to +c with some vector ¢ € S?~1. This implies that v}
and u’, is R-close to +c. So, the system (U*, V') satisfies R-bi-polarization. O

E Proof of Proposition 3.2]

Proof Let (U*, V") be an (R, ¢)-bi-polarization state with R € [0,1] and ¢ € S*~*, where all
and v! are within distance R to +c or —c. We show that, after one step of update, ut+1 and vt“ are
still within distance R to +c or —c, so (U™, V*1) siill satisfies (R, c¢)-bi- polarlzatlon.

Consider u’. Without loss of generality, suppose utﬁ is close to +c, so ||ut — c||2 < R. Suppose

user j is recommended creator i at step ¢. Let o = v if (v}, u}) > 0and 0} = —vyj if (v}, u’) <O0.
Then, the user update is

1 t to, N t) t to, |t
uj = P(u]' +7]uf(vi7uj)vi) - P(u] +nu|f(vi’uj)|vi)'

Since o! is close to +c or —e¢, (v}, ul > > 0, and u is close to +c, it must be that ! is close to +c,

so ||t — c||2 < R. Then, since u*!

u and v}, by Lemma L we have

is the normahzat1on of a vector in the convex cone formed by

lui™ —¢lls < max {|Ju} — cllz, |5! — ¢ll2} < R.

Consider v!. Suppose ||[v! — ¢||a < R. Let J be the set of users that are recommended creator i at
step t. Foreach j € J, let u} = ! if (u}, v}) > 0 and @} = —uj if (u}, v}) < 0. Then, the creator

update is
vt = (v +mZg ) (v +m2|g )

We note that every @} satisfies || — cl|a < R (by the same reasonmg as above). Then, since v}
the normalization of a vector in the convex cone formed by v! and {u§ }ies, by Lemma we have

+15

2

Hv?+1_c||2 < min{”vf—c”g, rjrlel?||ﬁ§—c\|2} < R. O

F Proof of Lemma 3.4

Lemma [3.4|is proved by induction on the number n of creators. We first show that any system with 1
creator and multiple users must converge to R-bi-polarization in finite steps for any R > 0. Using
the result for 1 creator, we then construct a finite length path that leads to R-bi-polarization for any
system with n > 2 creators.

F.1 Base Case: Convergence Results for n = 1 Creator

We prove some convergence results for the special case of only one creator. This will serve as the
basis for the proof for n > 2 creators. Recall that we have the following dynamics update rule:

* User: u§+1 = P(u} + nuf (v}, u})v}) where v] is the creator recommended to user j;
f(vs, u;) satisfies:
>0 if <'Ui7'Ufj> >0
flvi,uy)is ¢ <0 if (v5,u;) <0 ®)
=0 if <’UZ‘,’U/]‘> =0.

. t+1 ty M tooyt\at . .
Creator: v;" = P(vj + B > jes 9(uf, vi)u;) where J is the set of users being recom-
mended creator 4.
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Lemma F.1. Consider a system of 1 creator v} and |J| users {u}};c;, where the creator is
recommended to all users at every time step. Assume:

« Initially, Vj € J, (u?,v?) > 0.
* There exists some constant Ly > 0 such that f(v;,u;) > Ly > 0 whenever (v;,u;) > 0.

* g(uj,v;) = 1 when (uj,v;) > 0.

-ncgn“jf and 0 <, < 3

Then, for any R > 0, after at most 3 L In 2#' steps, Dy lluf — v!||%2 < R? will hold forever. In

particular, each user vector will satisfy ||uj —vllla <R

Proof. We first note that, by Lemma L all user vectors satisfy (ut v!) > 0 in all time steps
t > 0. Hence, the creator update is always it = P(ot Z]ng( Lvput) = P(vy

Ucm Zjej j)'

Leta; =1/(1 — %)t. Define the following potential function:

1
t o atZ§||u§—v§||§ = at2(1—<u§-,vf>). 9)

JjeJ jeJ

We will show that ®* is monotonically decreasing. Take the difference between ®!*! and ®°:

P+l _ pt — Qi1 Z ( §+1,vf+1>> + (at41 — ar) Z (1 <u],v >)

JjeJ JjeJ
— at+1<z<v ub —uft) ) (uh vl — ot + ) (- ul, o] _vt“))
JjeJ jeJ jEJ
+ (a1 —ar) Y (1= (uh, vl)).
jEJ

Using Lemmaw1th x' = ul, 2" = v, and n = 1, f (v}, u}), we get

1 f (V] uj) NuL
t .t t+1 17 7] t u s f
ooy — ™) < = e U ) € = T (L (g e)),
Using Lemmawith x' = uf, 2 = v, and n = 1, f (v}, uf), we get
<vt ul _ut+1> < _;Hut&l —ut»H% < _iHqu —ut4||§.
N TR L illz = Ity j

Using Lemmawith xt =l 2t = Ii}fl e uf, and ) = 7., we get

J
D (uf vl —oftt) = | Yo uh vl vt < =l e,
jeJ jeJ Ne
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Using the above three inequalities, we can upper bound ®*+! — ®?:

q)tJrl _ (bt
3 toot ol 1 toot okl
= at+1<4z<v w; —u; ) + ZZ(vl,uJ—u] )
jedJ jedJ
£ Sl o) 4 S aof o)) (o a0 0 (w0l
j€J j€J jeJ
3 wl ¢ 1 1
e (R ) IRt Wl [Tas il
4 4 2 4=y
JjeJ JjEeJ
/]
- 77||’varl —ofll3 + Dl =l lof =l ) A (@ —a) Y (1 (uf,0)))
¢ jeJ jeJ
3N L
:a,t_;’_l(_ 8f2(1_<u3 'Ut
jGI
1
= X (=l ot = of B [ = e o = ot
ies e
zzmln lud ™t =t 3]lv} ! —of 13
+ (a1 —ar) Y (1= (uf, 0)))
jeJ
3nuL
< at+1(—8f2(1—<u§»vf>) - > (Vs —1)||u§-“—u§-2~||v§“—vf||2)
i€J jE€J N———
>0
+ (a1 —ar) Y (1= (uf,0)))
jeJ
377uLf ) t
< apy Zl—u v)) + 0 +(at+1—at)Z(1—(u vl))
jeJ jedJ
30y, L
= (=)0 —a) D (1 - (ul o))
jeJ
=0
where the last step is because (1 — 3’71éLf Yagr1 = ay.

We have shown that ®¢ is monotonically decreasing. Thus,

1 P TP N LI D | 3nuL Smulyp 2
_ u: — v’ = < — < == = (1 = nu Suf J < e J < R
I e e e N 7

In 21 O

whenever T' > T Lf =7

Corollary F.2 (of Lemma|[E.1). Consider a system of 1 creator v} and |.J| users {}} je s, where the
creator is recommended to all users at every time step. Assume:

e Initially, (u?,v?) =% 0 forevery j € J.
* There exists some constant Ly > 0 such that |f(v;,u;)| > Ly > 0 whenever (v;, u;) # 0.

* g(u;,v;) = sign((u;, vs)).

Nu L 1
* 1. < and 0 <y, < 3.

2|J]
RZ

Then, for any R > 0, after at most ln steps, the system will reach R-bi-polarization.
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Proof. Let J* = {j € J : (uf,v]) > 0} be the set of users with positive inner products with
creator i initially; let J~ = {j € J : (u},v}) < 0}. Let @} = —u} for j € J~ and @} = u}, for
j € JT. Then, the system consisting of {@}}je and v} satisfies the initial condition (@}, v) > 0
in Lemma So, by Lemma - L 2|J |

the r.eﬂecti.on llemma (Lemma mi the original system, consisting of {u] } jeJ and vi , must reach
R-bi-polarization. [

, it reaches R-consensus after at most In steps. Then by

F.2 Inductive Step: Proof of Lemma[3.4]

Lemma F.3. Consider a system of n > 1 creators {v},...,v},} and | J| users {u'} je ;. Assume:

o Initially, (v9,v%) > 0 for every i, i, and (v, u? > > 0 for every i, j.
* Assumptions of Lemma[F]

Then, for any R € (0, 1), there exists a path of finite length that leads the initial state (U°, V) to
R-consensus.

Proof. Fix any R € (0,1). Choose Ry such that , /(7 +2)4Ry = R. Clearly, By < R. We
construct a path that leads the state (U, V) to R-consensus as follows.

Step (1): Consider the subsystem of the first n — 1 creators and all users J. By induction, there
exists a path of length Ty = L,,_1 r, < +o00 that leads the subsystem to (R, ch )-consensus with
some ¢t € S%1. So, after these T} steps, all creators i € {1,...,n — 1} and all users j € J
satisfy |[v]' — || < R, and ||uf1 — ct|| < R;. Creator n does not update during these T}
steps, so v11 = v¥, and it still has positive inner products with the first n — 1 creators and all users
by the convex cone property (Lemma . Let’s then consider the distance between creators n
and the consensus center ¢’: ||[vlt — 1. If ||ol' — eTt|| < R, then the system has satisfied
(R, ¢™)-consensus, so our construction is finished. Otherwise, ||vlt — ¢t || > R. We continue the
construction as follows:

. p; : : __38 2 .
Step (2): Pick any user jo € J, recommend creator n to user jo for Ty = Tul; In 33 steps, while
recommending creator 1 to all other users. From the (Ry, c’')-consensus in step (1) we know
Jull — || < Ry, so

(Wjpe™) = 1=3fufi =M > 1= > 1= B > 1 Lol — NP = (] e,
Thus, we can apply Lemmawith y = ¢’ to derive that, after these T} steps,

(it ) =l o) > e (o) - (0 ™) - Ry

> nc,(l—R; (w71, eTry — Rl)

n

2
— Iy >l e 4 e (1= B it )~ Ry). (10)

For the inner product between creator n and user jo, by Lemma. ||vT1+T2 — ufol 12| < Ry, so

<U77;1+T2 T1+T2> - 1—

Ti+Ts Ti+Ts |2 R}
ul’ TRl L By (11)

3llvn
Consider the inner products between creator n and the first n — 1 creators and the users in J \ {0}
Because the first n — 1 creators and the users in J \ {jo } form (R1, ¢’)-consensus at time step 77, by
Observatlon | they still form (R;, ¢T")-consensus at time step T + T3, so [[vl 772 — ¢T1|| < R,

and [|u]"*"* — ¢ || < Ry. This implies, for i # n,

(T o) > (T T ol T

[[v;

> <’UT1+T2,CT1> — Ry
2
M > (W e+ i (1= = ol e™) - R) - R, (12)
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and for j € J\ {jo},

(o uf ) = (e — T et
> < T1+T2,CT1>—R1
RQ
[ > (o ™)+ ot (1= 5 = ™)~ Ri) ~ R (13)

Step (3): Consider the subsystem of the first n — 1 creators and all users J. By induction, there exists
a path of length Ty = L,,_1 r, < +00 that leads the subsystem to (Ry, ¢ 712413 _consensus with

some ¢l 712+ Ts ¢ §1=1 S0 we have ||[v] T2+ Ts i+ Te4Ts || < R, foreveryi € {1,...,n—1}
and ||uT1+TQ+T3 — DA TA s || < Ry for every j € J, and v T2+ Ts = Ti+12 Consider the
inner product between creator n and any of the first n — 1 creators ¢ € {1,...,n — 1}. By the convex

cone property (Lemma[D.2),

<v;1;1+T2+T37 ,U;T1+T2+T3> — <,UT'1:1+T2 , U?1+T2+T3>
Lemmal[D.2l > min {<077L’1+T2’ o172, m151<vT1+T2 uT1+T2>}
€
2 2
by (. (. [ > min{(v,e") + 2 (1= 5= ) = ) — R 1= )
2
= <’U;1;1,CT1> + ’r]qunL (1 _ <,U3:17 T1> R]) R (]4)
where the last equality is because, under the assumption of ||v1* — ¢™t|| > R = Tu | 9V4R,,
" e

) (1 et )

Nu+Ne
= el e 4 2 (1- B ) - Ry
= 21 ﬁuv — ) k(1= B - R) - R
< (1= 5 1 2R) + 52 (1- B - Ry) - Ry
< max{l — %(77“+2)4R1, f—lle}le

1-8%_Rp—R <1-%
From ([4) and || 772715 — T+t Ts || < R

<,U;1;1+:’12JrT37 CT1+T2+T3> > <vg1+T2,v?1+T2+T3> Th+Te+T3 _ CT1+T2+T3||

- Hvz

Y

2
(ol ) + 52 (1 B - @l e™) - Ry) - 2Ry,

Using 1 to minus the above inequality, we obtain

T ATo+Ts Ti+To+T: u ™ T . (R}
1 o <vn1+ o 3’6 R 3> S nulnu (1 N <'vn17c 1>) + nu’rzl’nu (71 +R1> +2R1

Let F* =1 — (v, c'), then

2
FT1+T2+T3 S 7Iu7zt77c FTI + 7]u71':"]c (% + Rl) + 2R1 (15)
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Repeat steps (2) and (3) for K times. Then, using (I3) for K times,

2
FTH R < nun:nc FTAHEEDIAT) nu+nc (% + Rl) +2R

N Ny T+ (K—2)(Te+T3) is R2
< e (nancF 1 2+Ts) 4 ﬂu+nc ( L+ R1> + 2R1> " Jm ( + Ry )+ 2R,
T _Nu e TN K-1 Ne iQ
S (nu+7]c) . + (1 + Ne+ne + + (7]t+77c> ) (nu+77c ( 21 + Rl) + 2R1)
<

1 R?
(nun+nc) 14+ 1 — Tu (77/:;770 (7+R1) +2R1)
Nu+MNe

_ . \K | R} wte
= (nu”m) + 5+ Ry 4 2R

< B4R+ teoR, < (I 42)2R,

In 25

by choosing K = < "“'H’C In R%. This means that, after repeating steps (2) and (3) for K

In nu+m —

times, we must have

[T HK (Tt Ts) _ (Tt K (T Ts) | \/2(1 B <,U3;1+K(T2+T3)7CT1+K(T2+T3)>)

= V2FTARTAT) <\ [2(1 +2)2R, = R.

The above inequality, together with the fact that other creators ¢ # n and all users in J already
satisfy (R; < R, e HK (T2+T3))-consensus after step (3), implies that the whole system has reached
(R, "+ K(T24T5)) _consensus.

The length of the path constructed above is at most:

T+ K(Ty 4 T5) < Locis, + 252 2 (gt Gl + Locimy) = Log < +oo,
which is finite. O

Lemma F4. Consider a subsystem of n creators {v{,...,v},} and | J| users {u'} ;e ;. Assume:

e [nitially, the first n — 1 creators and all users are in Ry-consensus: ||vi0 —¢|| < Ry,

o . _Me
||uj _ cH < Ro, with0 < Ry < 5(Me+nu)”

* (vp,ud) > 0 for some jo € J.
* g(u;,v;) = sign((u;, vs)).
o Assumption of Lemma [F]]

Then, for any R € (0, 1), there exists a path of finite length that leads the initial state (U°, V) to
R-consensus.

Proof. First, we recommend creator n to user jo for T' =

n ln 73 steps, while recommending

other creators to other users arbitrarily. Applying Lemma- w1th y=u 5o» We get

W)~ (o) > e (G ) — () Bo) =

J Jo/ — mu+ne Jo? ~"Jo

(1—(1} ud ) — R()).

. Jo
(16)

On the other hand, because the first n — 1 creators and all users in J \ {jo} form an (Ry, ¢)-consensus
at time step 0, according to Observation they still form an (R, ¢)-consensus at time step 7', so
|vl — || < Ro foreveryi € {1,...,n — 1}. This implies, for every i € {1,...,n — 1},

(g, v]) — (v uf) 2 —of —ug |l > —|vf —cll - le—uj | = —2R,. (7D

no ? n?
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Adding (T6) and (T7) and moving (v, u) ) to the right side, we get
T T 0,0 . 0
(Wl ] >Z<%W%J+nﬂm<1 (v8,uf,) — Ro) — 2R
i (g0 10
= 771Ln+770 <v u]0> + "7u+77v (1 o RO) - 2R0

> 0+ (1—Ro) —2Ry > 0,

Nu +n
under the condition of Ry < m Moreover, for every j € J \ {jo}, because ||ujT —of|| <
luj = |l + lle = vf|| < 2Ry,

(o, uf) > (v, v]) = [luj —of|| >

For jo, by Lemma vl — uT I < Ro, so

e (1— Ry) — 4Ry > 0.

Wluly = 1= Lol —ul > > 1-5 > 0
For the inner product between any creator i € {1,...,n — 1} and the users:
<vTu;‘FO)2<vTvT>—Hv —u; anu (1—Ro)—2Ro—R0:n+n( — Ro) — 3Ry > 0;

vieJ\ Lo}, (l,uf) = 1= 4ol —uf|? > 1= (o] — el +lle—u]])’ > 1-5(2R0)? > 0.

All of the “> 07 inequalities above show that the system of {v] };c[n) and {u] } ;s satisfies the
condition of Lemma [F3] So, there exists a path of finite length T < +oo that leads the system
to R-consensus by Lemma The total length of path 7"+ T = ET L In 2 73 +T5 < 4o0is

finite. O

Lemma 3.4. Suppose . < 1“*f and n, < 3. For any R > 0, for almost every state (U*, V') in
the state space, there exists a path (U, Vt) (UL Vi) — .. 5 (UHT VT of finite
length that leads to an R-bi-polarization state (U1 VT,

Proof. We prove this lemma by induction on the number of creators n. The case for n = 1 directly
follows from Corollary n IF.2| which shows that, for any system of n = 1 creator and |J| users with

no (v?, u! > = 0, there exists a path of length at most L = 5T L In 2#' < o0 that leads to
R-bi- polarlzatlon
Consider n > 2. Consider the subsystem consisting of the first n — 1 creators {v!, ..., v},_;} and all

users. Let Ry = By induction, there exists a path of finite length 77 = L 9, < oo that

6(ne +n )"
leads the subsystem to Ry-bi-polarization, with some vector ¢y € S~ 1, so every 171' is Ro-close to

~+cq or —cy, for i # n, and every ufl is Ro-close to +cq or —cg. Define:

t . T . t . Tl .
- v; if 'u is Ry-close to +c ) - u if u;' is Rg-close to +c¢ .
f=3 0 Vi # n, u§: T - 0 Vj e J
' —v; if 'v tis Ry-close to —¢ —u; if u;' is Rp-close to —c
By definition, we have
~T . T .
[ — eoll < Ro, Vi#n,  |[al —eo < Ro, Vi€

This means that {&* },..,, and {u '}jes form an (R, cy)-consensus. Consider creator n. Let

n

ot — vl if (vI', @ ;>>Of0rsome]0€J
—vl, if (w1, a;") < Oforallje J.

(The case where (vt iLT1> = 0 for some j € J is ignored because the initial states that can lead to
such states have measure 0.) By definition, we have

<1~),TLl,1ZjTO1> > 0 for some jy € J.

Note that, at time step 77, the system consisting of {9, " }icn) and {ﬁ]Tl }je satisfies the condition

of Lemma so there exists a path of length 75 = Lf < +o0¢ that leads the system to R-consensus.
Then by the reflection lemma (Lemma [D.7), the original system {v} };c[n], {1’ }jc; must reach
R-bi-polarization. The total length of path that leads to this R-bi-polarization is LE = Ty + T =
LB + LB < foo. O
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G Missing Proofs from Section 4]

G.1 Proof of Proposition 4.2

Let R > 0 be any small number. Let ¢y, .. ., ¢,/ € R? be [n/k] vectors that satisfy B(cg, 2R) N
B(cp,2R) = 0 for £ # ¢, where B(c, R) is the ball centered at ¢ with radius R: {z € R :
|z — ¢|l2 < R}. Consider user and creator features (U?, V') that satisfy: every ball B(cy, R)

¢ =1,...,|n/k]) contains k creator vectors, and every user vector uz is in one of the balls

B(cg, R). By definition, (U*, V') form |n/k| clusters. We show that, after one step of update, the
new state (U*+!, V1) must still form |n,/k | clusters. Consider any user j. Suppose u} € B(cy, R),

then the distance from u§ to any creator v! € B(cy, R) is at most 2R:
Juf —vf|| <2R.
The distance from uﬁ to any creator v}, not in B(cy, R) is greater than 2R:
||u§ — vl > 2R
because v}, is in some other ball B(c, R) that satisfies B(cy,2R) N B(cy, 2R) = (). This implies

that the inner products between user j and the creators in ball B(ey, R) are greater than that with the
creators in other ball:

Y RENE? VR

1 1 1
Vol € B(eg, R), (ul,vl) =1~ §||u§ —viZ>1- 5(2}3)2 >1- §||u§ — vl = (ut,vl), Yol € B(ew, R).

Since B(cy, R) contains k creators, these & creators are the k-most relevant ones to user j, so user j
will only be recommended these creators. Then, by applying Observation to each of the |n/k]|
balls separately, we see that each ball is a R-consensus and hence absorbing. So, the new state
(UL, Vi) still forms [n/k| clusters with these [n/k| balls.

G.2 Proof of Proposition 4.3]

The d-dimensional simplex centered at the original has d+ 1 vectors with negative inner products with
each other. They form d+1 clusters. Since user-creator pairs with negative inner product (u;, v;) < 0
are not recommended, recommendations only happen within each cluster. By Observation 3.2} each
cluster is absorbing, so the whole system is stable, keep forming d + 1 clusters forever.

H Additional Discussion on Real-World Recommender Systems

Here we further discuss real-world recommender systems’ properties and designs that are currently
not covered in our main paper. We plan to generalize our model in the future to further capture these
features and discuss insightful findings, but having them in the current paper may be a distraction to
our main findings.

H.1 User and Creator Retention and Activeness

In our current model, the users and creators will stay in the system from the start to the end. However,
in real-world recommender systems, users and creators may leave the platform either permanently
or for a certain period. Meanwhile, new users and creators will join the platform. Such join and
leave dynamics are also influenced by the recommendations’ relevance and diversity, which further
complicate the problem. Moreover, users and creators have different activeness levels on the platform,
e.g., some users may watch a lot more videos than others, and some creators may post a lot more
creations, these effects will also be strongly correlated with the dual influence of the recommender
system.

H.2 Creation Quality
Creation quality is a major factor influencing users’ feedback in addition to the creation style, e.g.,

well-made cuisine videos could also be fun and liked by gamers and pet lovers, which we need more
than a collaborative filtering type of modeling like our current model to capture such features. A
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potential solution to boost both long-term system diversity and single-shot recommendation diversity
is to design mechanisms that can incentivize creators to create higher-quality videos instead of
changing their creation styles.

H.3 Cold Start

Cold Start is widely used in real-world recommender systems for newly published items. Due
to the lack of user-item interactions on new items, the systems randomly recommend these new
items to users and collect data for collaborative filtering. In our current model, if we consider the
creators creating new items in each time step under their current time creation style, then cold start
guarantees the conditions in Theorem [3.3] But if we consider the system to have good enough content
understanding ability and can accurately predict the new creations’ embeddings, the cold start is not
necessary and our model and results in the top-k truncation and threshold truncation parts are valid.
We also highlight a subtle difference between cold start and random traffic, if cold start is used on
creators instead of items, then after the creator is exposed to users a certain number of times, the
system will not guarantee to provide a non-zero probability of recommending this creator, and thus
the conditions in Theorem [3.3|may not hold.
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Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification:
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Limitations are discussed in Section[fand Section [H
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Proof sketches are given in the body and the full proofs are in the appendix.
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» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Experiment details are provided in Section [5|and Section[C]
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* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

125697 https://doi.org/10.52202/079017-3993



Answer: [Yes]
Justification: Provided in the supplemental file.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.
* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See Section 3]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification:
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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10.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [NA]
Justification: Computer resources are not a limitation in our experiments.
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

 The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification:
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: Discussed in Section[6l
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
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generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification:
Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
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Answer: [NA]
Justification:
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification:
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification:
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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