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Abstract

Recommender systems on major content platforms typically focus
on user-side optimization, creating a “rich-get-richer” imbalance
that harms creator diversity and long-term ecosystem health. To re-
solve the underlying supply-and-demand imbalance, we developed
and deployed a creator-aware recommendation system to achieve
three-player Stackelberg ecosystem equilibrium. Specifically, our
framework operates on two core principles: (1) Creator Innovation,
where a principled embedding model identifies and boosts novel,
high-quality content, and (2) Creator Equity, where we design the
sponsored content promotion marketplace as a community-first
mechanism that provides fair opportunities for emerging creators.
Our framework is grounded in a rigorous game-theoretic model
of the three-sided stakeholder (platform, creator, user), which we
formalize as a congestion game nested within a Stackelberg game
to prove the existence of a stable and globally beneficial Stackel-
berg equilibrium. Validated in a large-scale online experiment, our
framework confirmed a non-zero-sum outcome, driving a +2.16%
increase in high-effort content from creators and a +1.04% lift in the
video “good rate” from users. These gains were achieved alongside
measurable improvements in content diversity, creator retention,
and platform financial viability.
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1 Introduction

Content platforms like Facebook [12], TikTok [7], and YouTube [37]
have grown rapidly, creating a dynamic ecosystem with billions
of users. This ecosystem is comprised of creators who generate a
stream of content (supply) and users who consume it (demand). The
platform enables the supply and demand matching by deploying
a recommendation system acting as the critical intermediary that
governs this matching between the content and user . By control-
ling the recommended content, the platfroms facilitates a powerful
feedback loop: user engagement—such as watch time, likes, and
comments—is aggregated into motivating metrics for creators. This
feedback directly influences the psychology and output of creators,
shaping the future of the content supply, and then further influence
user experience. Consequently, the recommendation system is not
merely a passive delivery tool but the primary force that actively
architects the ecosystem, shaping both the user experience and
creator behavior.

However, existing recommendation systems are predominantly
and myopically optimized for user-side experience, an approach
that fosters a problematic content ecosystem by missing key con-
siderations for the creators and content platform health. This nar-
row focus creates a “rich-get-richer” dynamic where the platform
becomes saturated with similar, low-quality, or “utility-deficient”
content!, while innovative, high-effort work from innovative and
new creators is systematically suppressed. This stifles content di-
versity and creates a critical supply-demand imbalance. On the
demand side, users face a monotonous experience and content fa-
tigue [32, 33]. On the supply side, emerging creators are starved
of feedback and visibility, leading to high rates of attrition. Ul-
timately, these recommendation systems are missing a holistic,
multi-stakeholder perspective essential for the long-term vitality
of the entire content platforms.

Our research introduces a creator-aware recommendation sys-
tem to resolve this supply-demand imbalance and architect a health-
ier content ecosystem by intervening at the discovery and distribu-
tion stages, which serves as the core innovation within a content
platform that also maintains a robust user-side recommendation

!Content is defined as utility-deficient if it has not yet accumulated sufficient user
engagement signals (e.g., views, likes, shares) to be surfaced by traditional recom-
menders, often due to its novelty or origination from a new creator, rather than an
inherent lack of quality or potential value.
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engine. First, to address creator innovation ability, we develop a
principled embedding model to systematically measure and identify
novel, high-quality content that might otherwise be overlooked,
especially for new creators. Second, and more central to our work,
we formalize the concept of creator equity. Creator equity is the
principle that a creator should receive a fair and comprehensive
return from a platform for the value they contribute. This return
includes not just financial payment, but also crucial opportuni-
ties for visibility, audience growth, and community engagement.
Ultimately, it means architecting a fair system where all creators
have a genuine chance to succeed based on the quality of their
work, not just their prior popularity. To foster creator equity, we
design the platform’s content promotion mechanism to ensure the
identified content receives the crucial initial exposure it needs to
thrive. By first measuring innovation at the discovery phase and
then engineering for equity at the distribution phase, these two
components work in concert to systematically reward the content
with high-effort, thus promoting supply-side diversity and build a
more sustainable creator economy.

The theoretical foundations of our framework are grounded
in a multi-layered game-theoretic analysis that validates its equi-
librium properties. Recognizing that a stable creator equilibrium
is foundational to the long-term health of content platforms, we
first formalize the creator-side competition for limited exposure
opportunity as a congestion game, proving the existence of a Nash
equilibrium. Subsequently, we model the strategic interplay among
the platform, creators, and users as a hierarchical Stackelberg game.
By proving the existence of a Stackelberg equilibrium, we demon-
strate that the platform, acting as a strategic leader, can implement
policies that steer the entire content ecosystem toward a state of sta-
ble, long-term health. This provides a rigorous formal basis for the
claim that creator-centric policies are not a zero-sum trade-off but a
mechanism for achieving a globally beneficial market equilibrium.

To empirically validate our creator-aware recommendation par-
adigm, we conducted a large-scale, user-creator online experiment
for one of the most representative content platform, Xiaohongshu,
in China. This test evaluated our integrated framework, which syn-
ergistically combines the Creator Innovation Module with the Eq-
uitable Content Promotion mechanism. The results are conclusive,
providing strong evidence for our central thesis of a non-zero-sum
outcome. Our framework stimulated a +2.16% increase in high-
quality content creation, which in turn delivered a superior user
experience, evidenced by a +1.04% lift in the video “good rate”. Cru-
cially, these gains were achieved alongside a +0.02% increase in the
platform’s Retention Rate, confirming financial viability. These find-
ings break the zero-sum assumption of traditional recommenders,
proving that architecting for a balanced ecosystem is the most ef-
fective path toward achieving a globally beneficial equilibrium for
creators, users, and the platform alike.

This work presents a complete, theoretically-grounded, and em-
pirically validated recommendation system that shifts the paradigm
from myopic user-side optimization to holistic ecosystem manage-
ment. Our main contributions are summarized as follows:

e We introduce a novel creator-aware recommendation system
designed to correct the supply-demand imbalance endemic
to traditional platforms. Our approach achieves ecosystem
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Figure 1: A Stackelberg game model of the user interaction
loop where the platform (Leader) influences users and cre-
ators (Followers). The figure labels the optimization objective
for all three parties, corresponding to the formal utility func-
tions defined in Section 5. Our framework balances to achieve
a stable Stackelberg equilibrium.

equilibrium by simultaneously addressing creator innovation
and creator equity, a dual objective that user-side recommen-
dation systems neglect.

We address the challenge of formally modeling the three-
sided market by developing a multi-layered theoretical frame-
work. We first model creator-side competition as a conges-
tion game and then embed this within a hierarchical Stack-
elberg game to capture the interplay between the platform,
creators, and users. This provides the first rigorous theo-
retical proof that a stable, globally beneficial equilibrium is
achievable through creator-aware platform policy.

We deploy and validate our framework in a large-scale, creator-
diverted online experiment, providing conclusive evidence
of a non-zero-sum outcome that benefits all stakeholders:
creators (+2.16% in high-quality content), users (+1.04% in
content good rate), and the platform (+0.02% in Shutiao Re-
tention Rate).

2 A Two-Stage Framework: From Identifying
Innovation to Engineering Equity

To engineer a healthier ecosystem, our framework intervenes at
two critical stages of the content lifecycle: discovery and distribu-
tion. First, we develop a principled embedding model capable of
identifying innovative, high-quality content that might otherwise
be overlooked. Second, we redesign the platform’s paid promo-
tion marketplace (“Shutiao” ) to serve as a mechanism for building
creator equity, strategically allocating the initial exposure that in-
novative content needs to find an audience. These two components
work in concert to systematically reward innovation and foster
creator equity.

2.1 Discovering Innovation with a Principled
Embedding Model

To measure innovation, we first construct high-quality item em-
beddings that form a rich semantic representation of platform con-
tent. These embeddings are learned via a two-tower architecture,
in which one tower encodes multimodal content features (video
frames, audio, and text) and the other encodes user interaction
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histories. The model is trained offline using a contrastive loss that
pulls embeddings of co-interacted user—item pairs together while
pushing apart non-interacted pairs, following a two-stage pipeline:
large-scale pretraining on historical interaction data and caption-
guided fine-tuning to align multimodal semantics. The resulting
embeddings achieve strong retrieval and representation quality,
with a Recall@10 of 90.91% on item-to-item retrieval and 63.98%
accuracy in linear-probe category prediction, indicating that the
embedding space reliably captures semantic similarity and content
structure and provides a stable foundation for measuring innovation
and novelty.

There are two essential geometric properties related to fostering
innovation in our embedding space: high agglomeration, where
similar items are tightly clustered, and high dispersion, where dis-
similar items are well separated. To quantify these properties, we
use human-defined item categories as a ground-truth proxy and
introduce two complementary metrics. First, agglomeration mea-
sures the average intra-category similarity, where a higher score
indicates better local structure.

Agglomeration = Z Z cos(emb(l),emb(]))’ (1)

£ (ell=1)
ceCi,jele 7

where I, represents all items in a category. In this formula, the each
1

three terms in m X ||| x TicT Tepresents the number of
pairs per class, the weight per class, and the overall weight of all
classes, respectively. This calculation yields a “weighted” intra-class
aggregation metricm encouraging tight clustering of similar con-
tent. Second, dispersion captures inter-class novelty by penalizing
excessive similarity across categories. Together, these two forces
balance semantic fidelity and innovation, preventing both content

collapse and semantic fragmentation,

Dispersion = Z Z cos(emb(i), emb(j)). @

. . count
i€cy1 jJEC2

This principled evaluation framework provides a quantitative
measure of “innovation”. By identifying content with high predicted
engagement that is also semantically distant from its category cen-
troid, we can systematically discover novel content that deserves at-
tention. These two dimensions are synthesized into a single content
innovation embedding score for each content item, which serves
as the core signal for the interventions in our online experiment.

2.2 Engineering Equity with a Community-First
Marketplace

However, identifying innovative content is a necessary but insuf-
ficient step. In a competitive ecosystem dominated by established
creators, even the most novel content will fail without initial visi-
bility. To bridge this gap, we redesign the "Shutiao" marketplace,
transforming it from a pure commercial advertisement into a mech-
anism that fosters creator equity.

The old commercial advertisement system uses a Generalized
Second-Price (GSP) auction, ranking ads by expected revenue (ecpm =
ctr - cor - bid). This model inherently creates a rich-get-richer feed-
back loop. New entrants with no performance history (low ctr/cor)
are systematically outbid, regardless of their content’s quality, starv-
ing them of the crucial early exposure needed to build an audience.
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Our solution migrates Shutiao to a Community-Based Dis-
tribution Mechanism that institutes procedural fairness. This
approach ensures a more level playing field where a creator’s budget
is not the sole determinant of success. We treat sponsored content
not as a disruptive ad, but as boosted native content with intrinsic
value. The ranking score for a promoted item directly integrates its
organic community value (rs) with its commercial bid:

rankingScore = a - rs + (1 — a) - ecpm. (3)

By giving significant weight («) to the intrinsic quality and novelty
of the content (rs), our system ensures that emerging creators with
high-quality work can effectively compete for exposure against
established players with larger budgets. The weighting parameter
a in Eq. (3) is selected via online Bayesian Optimization, target-
ing a joint objective that balances creator effort, user engagement,
and platform revenue. This adaptive tuning allows the system to
respond to evolving ecosystem dynamics while maintaining stabil-
ity. This formula directly injects our goal of promoting innovation
into the marketplace logic, allowing an excellent, novel post with a
modest bid to fairly outrank a mediocre but well-funded post. This
directly mitigates the cold-start penalty inherent in the old model.

The principle of fairness is also embedded in our redesigned
payment rule:

rankingScore ;1) — @ - ()

payment(i) = (4)

Under this model, a creator is charged only for the incremental
value the promotion delivers beyond their organic rank. This is
fundamentally fairer than a standard GSP auction, as it ensures
creators do not pay for visibility their content would have earned
on its own merits. It aligns the cost of promotion directly with the
value it generates, fostering trust and encouraging participation
from a broader range of creators.

By using Shutiao to reallocate exposure based on both merit and
budget, we transform it from a simple revenue tool into a strategic
lever for fostering a more inclusive and innovative ecosystem.

l1-a

3 A Game-Theoretic Model of the Platform
Ecosystem

To provide a formal foundation for our proposed creator-aware
system, we model the platform’s content ecosystem as a multi-
party game. This framework allows us to define the key players,
their individual objectives, and the strategic interactions that shape
the overall dynamics. By formalizing these concepts, we can rig-
orously analyze and address the real-world challenges of content
convergence and creator equity.

3.1 Players and Objective Functions

In our model, the Supply and Producers are the creators, represented
by the set I = {1,...,n}. Each creator is an independent player
who makes strategic decisions to maximize their personal gain.
The strategy of each creator i is a two-part decision: selecting a
content category, k; € K, and choosing an effort level, E; € [0, E],
where E is a practical upper bound. In our system, the abstract
concept of effort, E;, is a function of observable signals, such as
content quality (proxied by early engagement metrics like effective
view rate), novelty score (derived from embedding distance), and
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Creator Innovation Module  Existing Recommendation System Creator Equity Module
[ Content Attibutes ] [ User Engagement Metrics ] [ Creator Profiles ]
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Figure 2: Architecture of the creator-aware recommendation framework. User requests are processed by the standard retrieve-
and-rank pipeline. Our framework intervenes at two key points: (1) The Creator Innovation Module identifies novel content
post-retrieval and applies a score boost. (2) The Equitable "Shutiao” Promotion mechanism uses a community-first ranking
formula to blend sponsored content fairly into the final ranking stage.

production value (inferred from content features like resolution or
editing complexity). The set of all possible categories, K, is assumed
to be finite. The combined choices of all creators form a strategy
profile, s = (s1,. .., sp), which dictates the state of the entire content
ecosystem.

The core of our model lies in the distinct objective functions
of the three main parties: creators, users, and the platform itself.
Each player seeks to maximize their own utility, creating a multifac-
eted game of strategic interactions that we analyze to understand
equilibrium and stability.

Each creator i acts as a rational agent, choosing their effort level
E; to maximize their personal utility, U;. We define this utility as the
creator’s tangible equity or asset on the platform. This function is
designed to mirror the real-world trade-offs creators face, balancing
private benefits from their work, personal costs, and the competitive
pressure of a crowded content category. The private benefit, B; (E;),
is an increasing and concave function of their effort, capturing the
diminishing returns of investment. The cost of effort, C;(E;), is a
convex function, reflecting the increasing difficulty of sustaining
high output. Finally, the congestion cost, G(0, (s)), represents the
negative externality of competing in a popular category, where the
total effort from all creators in that category, 0, (s), makes it harder
to gain visibility. Thus, we have the utility for creator:

Ui(s) = Bi(E;) — Ci(E;) — G(0k; (s)). (5)

On the other side of the market, the Demand and Consumer, or

users, seek to maximize their satisfaction from consuming content.
A user’s utility, Uj, is the total satisfaction derived from all content
available to them. We select a logarithmic form, In (l + Die; € j),
as it elegantly captures the well-documented phenomenon of di-
minishing marginal utility, where each additional piece of content
provides progressively less satisfaction. The engagement e;; is as-
sumed to be a continuous function of creator strategies and platform
parameters. The utility for consumer is:

Uj =In 1+Zeij

ielj

O

The platform acts as the central orchestrator, with the objective
of maximizing total revenue, R, which is directly tied to total user
engagement. This function highlights the platform’s dependence
on the collective behavior of its users and creators. The platform’s
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strategic power lies in its ability to set the "rules of the game" by
manipulating parameters and algorithms that influence creator and
user behavior. Based on this, the platform’s revenue is formulated
assR=m-3;;eij.

3.2 Exposure and Congestion Game

In a platform ecosystem governed by a recommender system, expo-
sure and congestion are two fundamental, interconnected dynamics.
Exposure is the allocation of user impressions—a scarce resource—to
a vast pool of content. It is the core mechanism by which content
is discovered and creators are rewarded.

This scarcity naturally leads to congestion, a negative externality
that occurs when a disproportionate number of creators compete
for limited attention within a specific category. We model this by
defining the congestion in a category k as the aggregate effort of
all creators operating within it:

0 (s) = Z E;.

iki=k

@)

As 0i(s) increases, a creator’s visibility diminishes, leading to
a palpable congestion cost, G(6; (s)). This cost directly reduces a
creator’s utility (U;), discouraging participation in saturated areas
and systematically disadvantaging new entrants. By modeling this
congestion, we provide a rigorous foundation for our proposed
interventions, which aim to mitigate this structural inequity and
foster a more balanced ecosystem.

4 Game-Theoretic Analysis: Equilibrium in the
Creator Subgame

This section establishes that the creator-side interactions form a
specific type of game known as an additive-cost congestion game
[25]. This formalization is vital because it allows us to leverage
well-established theorems to analyze the ecosystem’s stability. The
game is defined by the following key conditions:

(1) Continuity and Compactness: The creator strategy space
S; = Kx [0, E] is a product of a finite set and a compact inter-
val, making the overall strategy space S = [];¢; Si; compact.
Creator benefit B;, cost C;, and the congestion cost G are all
assumed to be continuous functions.

(2) Exact Potential Game: The game is an exact potential game
[22] because there exists a potential function ®(s) such that
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for any player i and unilateral deviation s;, the change in
player i’s utility is exactly equal to the change in the potential
function:

Ui(s},s-i) = Ui(s) = ®(s},5-;) — D(s). (®)

This structure is incredibly useful, as the global maxima of the
potential function correspond to the game’s Nash equilibria. We
can therefore define this function to analyze the system’s properties.

THEOREM 4.1. The game admits the (exact) potential
O (s)
®6) =Y, BiE) -CEN - Y, [ a0
i K 0

which satisfies the exact potential property.

With the game’s structure formally defined, we can now establish
its stability. The first critical question is whether a stable state can
even exist in this competitive environment. The following theorem
confirms that the creator ecosystem is not chaotic and that an
equilibrium is guaranteed.

THEOREM 4.2. Under the assumptions of continuity and compact-
ness, a pure-strategy Nash equilibrium exists. The proof is detailed in
the Appendix.

While the existence of an equilibrium is essential, its utility for
platform governance depends on its predictability. If multiple Nash
equilibria existed, the ecosystem could settle into any one of them,
making the outcome of platform policies uncertain. Therefore, we
establish a stronger condition: uniqueness.

THEOREM 4.3. If we also assume that for each creator i, the private
benefit function B; is strictly concave and the cost function C; is strictly
convex, then the Nash equilibrium is unique. See the Appendix for a

full proof.

Finally, a unique, stable equilibrium is only practically meaning-
ful if the system can naturally reach it over time. We model the
dynamic behavior of creators as a "best-response” process, where
they iteratively adjust their strategies to improve their utility. The
following theorem proves that this natural adaptation process is
guaranteed to converge, confirming that our model describes a
robust, self-stabilizing system.

THEOREM 4.4. Under the assumptions of continuity, compactness,
and strict concavity, best-response dynamics converge to the unique

Nash equilibrium. The full proof is provided in the Appendix.

5 Platform Optimization as a Stackelberg Game

Having established the creator subgame’s stability, we now model
the entire ecosystem’s strategic interactions using a Stackelberg
game [13]. In this hierarchical model, the platform acts as the leader,
setting the "rules of the game" by choosing a strategic policy, 7.
Creators act as followers, observing this policy and responding
accordingly.

The platform’s policy vector 7 is not abstract but corresponds
to concrete system levers. Specifically, it consists of two key com-
ponents: (1) the boost multiplier for novel content identified by
our Creator Innovation Module, and (2) the weighting parameter o
in our Equitable Shutiao ranking formula, which balances organic
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value against commercial bids. By adjusting these levers, the plat-
form strategically shapes creator incentives to guide the ecosystem
toward a desirable equilibrium.

The game’s solution is found through backward induction. First,
the creators (followers) play the congestion subgame described pre-
viously, taking the platform’s parameters 7 as given. Because this
subgame has a unique Nash equilibrium, their collective response
s* () is predictable.

Second, the platform (leader), anticipating this response, chooses
its parameters 7 to maximize its own revenue. This reduces the
platform’s complex problem to a tractable optimization task:

I]l;léllg[(R(ﬂ', s* (). (10)

This two-stage optimization guarantees a stable state for the
entire three-player ecosystem. The following theorem formalizes
the existence of this solution.

THEOREM 5.1. If the set of platform parameters I1 is compact and
the platform’s revenue R(r,s) is continuous, then there exists an
optimal set of parameters n* € II such that the resulting strategy
profile (*,s* (")) is a Stackelberg equilibrium. A complete proof is
provided in the Appendix.

6 Experiment Design

A central contribution of this work is modeling strategic creator
adaptation, which cannot be reliably evaluated through offline log
replay. Creator behavior evolves over multi-week horizons in re-
sponse to exposure, feedback, and perceived opportunity, whereas
offline counterfactual methods treat creators as static content gen-
erators and therefore fail to capture equilibrium shifts in effort
allocation, category choice, and persistence. Consequently, offline
evaluation is insufficient for validating the dynamic congestion and
Stackelberg equilibria underlying our theoretical model. To address
this limitation, we conduct a rigorous online evaluation using a
creator-diverted A/B testing methodology, implementing a two-
stage experiment to separately validate the Creator Innovation and
Creator Equity modules. We hypothesize that these interventions
improve creator outcomes, content diversity, and platform revenue
without degrading core user-satisfaction metrics.

6.1 Data and Methodology

We executed a large-scale creator-diverted A/B experiment, a method-
ology essential for directly measuring the causal impact of our
framework on creator behavior. A traditional user-diverted test
would be ineffective, as treatment effects on the content supply
pool would be heavily diluted and statistically difficult to detect. By
randomizing at the creator level, we robustly measure the shift in
creator strategy. We use a Level-1 taxonomy to broaden sampling
ensuring robustness; semantic embeddings recover fine-grained
distinctions.

Our target population was a 2% sample of active creators, drawn
proportionally from the high-velocity food and entertainment cate-
gories to achieve statistical significance rapidly. This sample was
further stratified by creator tenure, posting frequency, and innova-
tion level to ensure our findings are generalizable across key creator
segments.

For the purpose of our analysis, creators are defined as:
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Table 1: Impact of the Integrated Framework on Creator-Centric Metrics.

Metric Relative Change (%) 95% Conf.Interval p-value
Daily Active Creator +0.11% [+0.04%, +0.17%] 0.000195
Daily Created Posts +0.18% [+0.04%, +0.31%] 0.01096
Effective Daily Created Posts +0.16% [+0.003%, +0.32%] 0.04644
Effective Daily Created Long Posts +2.16% [+0.50%, +3.82%] 0.01095
Content Exposure in 30 min +1.83% [+1.53%, +2.14%] 0
Content Exposure in 2 days +0.15% [+0.02%, +0.27%] 0.029
Content Exposure in 7 days +0.22% [+0.10%, +0.33%] 0.0002

e New Creators: Creators that published their first content
within the last 30 days.

o Established Creators: Creators with a tenure exceeding
three months and a consistent history of publishing and user
engagement.

o Active Creators: Creators defined by a recent publishing
volume of three or more contents within the last seven-day
period.

¢ Innovative Creators: Creators for whom more than half of
their published content surpasses the platform-wide average
innovation diversity score.

This stratified sampling ensures our experiment captures the im-
pact of our interventions on the creators most likely to benefit,
particularly new entrants facing discoverability challenges.

6.1.1 Stage 1: Validating the Creator Innovation Module. This stage
tests our hypothesis that a targeted exposure boost for novel, high-
quality content can improve content diversity. The mechanism is
designed to identify and promote content that is both unique and
shows early signs of user resonance.

All creators in the sample will be randomly assigned to a control
group (A) or an experimental group (B).

e Control Group (A): Creators’ content is distributed via the
existing, purely user-side recommendation system.

o Experimental Group (B): Creators’ content is subject to
our Creator Innovation Module, which operates as follows:

The Creator Innovation Module operates by first quantifying a
content’s novelty upon upload. This is achieved by calculating its
‘innovation_diversity* score, defined as the L2 norm of the differ-
ence between the content’s embedding and the average embedding
for its sector, where a higher score indicates greater uniqueness:

innovation_diversity = ||content_sector_average_embedding_score

(11)
Subsequently, the system identifies promising content by assess-
ing both this novelty score and its initial quality, which is proxied
by early user interaction signals like the effective view rate and
like rate. Content that scores highly on both dimensions receives a
temporary exposure boost. This is implemented as a multiplicative
factor applied to the item’s ranking score, with the boost’s magni-
tude being proportional to the novelty score to ensure that more
innovative content receives a proportionally larger benefit.

— note_embedding_score||,

6.1.2  Stage 2: Measuring the Impact of Equitable Promotion (Shutiao).
This stage tests our hypothesis that a fairer allocation of the "Shutiao”
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promotional budget can improve outcomes for new creators and
increase overall platform revenue.

The subset of creators within our sample who purchase Shutiao
will be randomly assigned to a control group (C) or an experimental
group (D).

e Control Group (C): established creators who do not receive
extra boosts while purchasing Shutiao.

e Experimental Group (D): new creator who receive boosts
while purchasing Shutiao. The system reallocates the fixed
exposure budget based on this fairer ranking, maximizing
the impact for new entrants.

6.2 Hypothesis

Based on our creator-aware framework and the two-stage experi-
mental design, we formulate three primary hypotheses to test our
central thesis. These hypotheses are designed to measure the frame-
work’s impact across all three key stakeholders—creators, users,
and the platform—to empirically validate our claim of a non-zero-
sum, globally beneficial equilibrium. Specifically, we predict that
our interventions will not only reinvigorate the content supply
side but also enhance the user experience and prove financially
sustainable for the platform.
Our hypotheses are as follows:

e H1: The innovation and equity promotion module (Group
B and Group D) will significantly increase creator-centric
metrics, such as daily active creator, effective daily created
long posts, and content exposure for novel content compared
to the baseline (Group A and Group C).

e H2: User-side guardrail metrics for Group B and Group D
will show no significant decline.

e H3: The improved efficiency of Shutiao for new creators
(Group D) will lead to an increase in the number of new cre-
ators purchasing the promotion, thereby increasing overall
Platform Shutiao Revenue.

7 Experimemt Evaluation

To contextualize our findings, it is crucial to consider that on a
platform serving hundreds of millions of users, any relative change
greater than 0.1% is considered highly significant. Accordingly, all
results presented in this paper have been validated for statistical
significance against the entire platform’s data.

The results of our large-scale, 30-day online experiment provide
compelling validation for our central thesis: that a creator-aware
framework can resolve the fundamental supply-demand imbalance
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Table 2: Impact of the Integrated Framework on User-Centric Metrics.

Metric Relative Change (%) 95% Conf. Interval p-value
First Page CTR +0.17% [+0.08%, +0.26%| 0.0002
Video Content View Time +0.2% [-0.3%, +0.7%] n.s.
Video Content Good Rate +1.0374% [+0.03%, +2.05%] 0.0445
Video Content Interaction Rate +0.4% [-0.2%, +1.0%] n.s.
Feed Page Exposure +0.24% [+0.19%, +0.30%] 0
Feed Page CTR +0.24% [0.12%, +0.36%] 0.0001
Content Diversity +0.08% [+0.07%, +0.09%] 0
tax1click +0.12% [+0.06%, +0.19%] 0.0002
tax2click +0.12% [+0.04%, +0.20%] 0.0025

First Page CTR: Daily vs. Cumulative Increase
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Figure 3: A comparison of the daily and cumulative relative

lift in first-page CTR over a 30-day online experiment. The

cumulative curve demonstrates stable, sustained gains de-

spite daily volatility.

plaguing modern content platforms. By moving beyond myopic,
user-side optimization and instead intervening at the key leverage
points of content innovation and creator equity, our approach suc-
cessfully engineers a healthier ecosystem. The data demonstrates
that a reinvigorated and more diverse supply side does not re-
quire a trade-off in user satisfaction. On the contrary, it is the very
mechanism that fosters a more engaged user base, confirming that
creator-centric policies are a powerful tool for achieving the glob-
ally beneficial, non-zero-sum equilibrium our theoretical model
predicts.

7.1 Creator-Centric Outcomes: Reinvigorating
the Supply Side

The framework’s primary impact is on content supply health, di-
rectly mitigating the rich-get-richer dynamics and creator attrition
described in the introduction. Results in Table 1 validate our first
hypothesis (H1), showing a qualitative shift in creation behavior
induced by the Innovation Module.

This effect originates from a key upstream intervention: an im-
mediate +1.83% increase in content exposure within the first 30
minutes. This early visibility enables novel content to escape algo-
rithmic suppression and reach an audience, and it persists over time,
yielding exposure gains of +0.15% after 2 days and +0.22% after
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7 days. By ensuring fair initial exposure, the framework creates
strong incentives for creators to invest greater effort.

Creators respond decisively to this incentive. The strongest sig-
nal is a highly significant +2.16% increase in Effective Daily Created
Long Posts, indicating a shift toward higher-effort, higher-value
content and countering the proliferation of utility-deficient produc-
tion. This improvement is corroborated by a +0.16% lift in overall
Effective Daily Created Posts. These quality gains translate into a
healthier creator ecosystem, with +0.11% growth in Daily Active
Creators and a +0.18% increase in total Daily Created Posts. The
growth trajectory in Figure 4 shows accelerating creator partici-
pation; despite minor volatility, partly due to a public holiday, the
positive trend remains robust, indicating a self-reinforcing cycle of
engagement and retention.

7.2 User-Centric Outcomes: Validating the
Non-Zero-Sum Hypothesis

Our user-side results, detailed in Table 2, offer a powerful refu-
tation of the zero-sum assumption. Not only were our guardrail
hypotheses (H2) met, but the creator-centric improvements led to
a statistically significant enhancement of the user experience.

The most telling metric is the +1.04% increase in the Video Con-
tent Good Rate, a metric capturing a high-conviction signal of user
satisfaction distinct from more common engagements. This proves
that the novel content surfaced by our system was perceived as bet-
ter by users. This directly addresses the "content fatigue" problem
by improving supply quality. Furthermore, we see a clear remedy
for the "monotonous experience,’ with a +0.08% lift in Content Di-
versity and corresponding +0.12% increases in topic exploration
(tax1click and tax2click). This newfound diversity was actively
compelling, driving a +0.24% lift in Feed Page Exposure which led
to significant increases in both First Page CTR (+0.17%) and Feed
Page CTR (+0.24%). The fact that these gains were achieved while
core metrics like Video Content View Time and the overall Video
Content Interaction Rate remained statistically neutral confirms
we improved the ecosystem without negative trade-offs, validating
our non-zero-sum thesis.

7.3 Platform-Level Impact: Engineering Equity
and Long-Term Stability

The platform-level results in Table 3 confirm our third hypothesis
(H3) and the framework’s ability to engineer a more equitable and
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Figure 4: This chart shows the daily percentage increase in
DAC over the 30-day experiment. The sustained positive
trend indicates accelerating creator participation and reten-
tion.

sustainable ecosystem, aligning with our game-theoretic model
of the platform as a "strategic leader" By operationalizing creator
equity via the redesigned "Shutiao" mechanism, we increased both
creator utility and platform viability. Although the aggregate lift

Table 3: Impact of the Integrated Framework on Platform-
Level Metrics (specific absolute values are confidential).

Metric Value

Shutiao Retention Rate (Relative Change)
15-Day New User Retention (Absolute)

+0.02%
Greater than 50%

in Shutiao Retention Rate is modest (+0.02%), it confirms the fi-
nancial sustainability of the fairer system and supports H3. More
importantly, this aggregate measure masks a pronounced effect on
talent formation: the framework converts new participants into
a highly retained cohort, a key indicator of long-term ecosystem
health. This creator-side improvement reinforces user engagement,
producing a stickier platform, as evidenced by a 15-day new user
retention rate exceeding 50%. Together, these outcomes empirically
validate the stable Stackelberg equilibrium predicted by our theory,
in which platform-led policies yield a globally beneficial result.

Post-deployment analysis further indicates that creators with
fewer than 1,000 followers receive approximately 20% higher expo-
sure and achieve a 19.74% higher CTR than creators with roughly
100k followers. This demonstrates that the system prioritizes high-
potential content rather than merely redistributing traffic, provid-
ing concrete evidence of improved allocative efficiency alongside
enhanced creator equity.

7.4 Experiment Summary

In summary, the experiment validates all three hypotheses and
demonstrates a non-zero-sum outcome. Incentivizing higher-quality
creator output induces a virtuous cycle that improves content diver-
sity and user satisfaction, empirically confirming that supply-side
health drives long-term ecosystem growth, with effects remaining
robust to external market volatility.

The observed dynamics align with our game-theoretic predic-
tion of a stable equilibrium. Although a Nash equilibrium cannot
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be directly observed in a live system, stabilization of core creator
and user metrics serves as a strong proxy for convergence: both
creator output and user engagement rise and then settle at a persis-
tently higher baseline rather than exhibiting transient spikes (Figure
3). Over the full 30-day horizon, no regression toward baseline is
observed, confirming that the gains reflect sustained behavioral
change rather than short-lived exposure effects, consistent with
convergence to the predicted equilibrium.

8 Related Works

Industry Recommendation Systems Recommender systems con-
nect users with content across short video [4], search [15], and
e-commerce [38], typically organizing as multi-stage pipelines that
progressively refine candidate sets [1, 3, 15, 24, 29, 30, 36]. A substan-
tial body of work focuses exclusively on modeling user preferences
[9, 19]. Meanwhile, the boundary between passive recommenda-
tion and active search has increasingly blurred, motivating unified
frameworks such as UniSAR, which bridges search and recom-
mendation [27, 28], and STAR, which adapts a single model across
multiple domains [26].

Creator-Awareness and Cold-Start Recommendation To
mitigate creator marginalization in user-centric systems, prior re-
search addresses: (i) user—creator balance via trade-off management
[16, 21, 23, 41] or matching formulations [8]; (ii) cold-start issues
using content-based [4, 11, 35] or transfer learning approaches [2, 6,
10, 18, 20, 40] validated for fair exposure [5]; and (iii) game-theoretic
modeling of competition [14] and incentives [17, 31, 34, 39]. Our
work unifies these by combining innovation measurement and eq-
uitable distribution with a multi-layered game-theoretic analysis.
Using congestion and Stackelberg models, we prove that creator-
centric policies steer the three-sided market toward a globally ben-
eficial equilibrium.

9 Conclusion

This paper challenges the user-centric paradigm by validating a
creator-aware framework for the three-sided marketplace. Grounded
in a Stackelberg model, it integrates innovation discovery with eq-
uitable promotion, demonstrating a non-zero-sum outcome where
a +2.16% high-quality content increase improves user experience
(+1.04% “good rate”) while preserving financial viability. These
results show supply-side investment drives user satisfaction. De-
spite coverage and horizon limitations, the study offers a blueprint
for holistic management, proving sustainable growth arises from
aligning creator, user, and platform incentives.
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A Appendix

A.1 Ethical Considerations and Compliance

All data used in this study were processed in accordance with ap-
plicable data protection regulations and the platform’s internal
governance policies. User- and creator-level data were anonymized
and aggregated prior to analysis. No personally identifiable infor-
mation (PII) was accessed, stored, or exposed at any stage of the
study.

The online experiments were conducted under established in-
ternal review and approval procedures for production A/B testing.
Interventions were limited to content exposure and ranking mech-
anisms and did not alter content moderation policies, user privacy
settings, or creators’ control over content publication.

The proposed framework does not restrict creator participation,
suppress content, or introduce differential treatment based on sen-
sitive attributes. Exposure adjustments are determined solely by
content-level signals (e.g., novelty and early engagement) and trans-
parent marketplace mechanisms. As such, the system is designed
to mitigate, rather than exacerbate, existing “rich-get-richer” dy-
namics.

Overall, the study poses minimal risk to users and creators while
enabling systematic evaluation of ecosystem-level outcomes.

A.2 Proof of the Exact Potential Property

THEOREM A.1. The game G is an exact potential game with po-
tential

®(s) = ) (Bi(E)) = Ci(Eq) = ), G(0k).

i€l keK

PROOF. A game is an exact potential game if for any player i € I
and any pair of strategies s;,s; € S;, the change in their utility
is exactly equal to the change in the potential function. That is,
Ui(s}, 8-1) = Ui(si, s-1) = O(s],8-1) — D(si,5-4).

Let’s fix the strategies of all players except player i, denoted by
s_i, and consider a unilateral deviation by player i from s; to a new
strategy s;.

The change in player i’s utility is:

AU; = U;(s},s-;) — Ui(si, s-;)
= [Bi(E) - Ci(E}) - G(6,)]
— [Bi(E;) - Ci(Ei) — G(64,)].

Since the private benefit B; and the costs C; depend only on
player i’s own effort, the change in these terms simplifies. The

congestion term is the only one affected by the strategy of other
players through the total congestion factor.

AU; = (Bi(E]) = Ci(E})) = (Bi(Ey) - Cu(E:) - (G(6,) ~ G(6i,))

Now, let’s examine the change in the proposed potential function
®. The change is given by:

AD = D(s],s_;) — D(s1,5-1).

The potential function consists of two sums. The first sum, 3, (B (E;)—

C;(Ej)), only changes for player i. The second sum is over the
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content categories. The only category whose congestion factor 6y
changes is the category k; to which player i belongs.

A® = [B(E)) - Gi(E))] — [Bi(E:) - Ci(ED] = (G(6,) - G(6y,) )

Comparing AU; and A®, we see that AU; = A®. This holds for any
player i and any unilateral deviation, which proves that the game
is an exact potential game. m]

A.3 Proof of Existence of Pure-Strategy Nash
Equilibrium
THEOREM A.2. Under the assumptions of continuity and compact-
ness, a pure-strategy Nash equilibrium exists.

Proor. The strategy space S = [];¢;S; is a finite product of
compact sets, and by Tychonoff’s theorem, is also a compact set.
Furthermore, we have established that the potential function ®
is continuous on S. By the Weierstrass Extreme Value Theo-
rem, any continuous real-valued function on a non-empty compact
space attains a global maximum. Therefore, there must exist at least
one strategy profile s* € S that globally maximizes the potential
function @.

We now prove that any such global maximizer s* is a pure-
strategy Nash equilibrium. A strategy profile s* is a Nash equilib-
rium if no player can unilaterally deviate to a new strategy and
strictly increase their utility. In other words, for every player i € I
and every strategy s; € S;, we must have U;(s],s” ;) < U;(s").

Assume, for the sake of contradiction, that s* is not a Nash
equilibrium. This means there exists some player i € I and a strategy
s; € S; such that U;(s],s*;) > Ui(s").

By the potential property, we know that the change in player i’s
utility is equal to the change in the potential function. Thus,

Ui(s),sZ;) = Ui(s™) = ®(s,s7;) — D(s").

—i
Given our assumption that U;(s], s ;) > U;(s"), this implies
D(s),s%;) > O(s").

However, this contradicts our finding that s* is a global maximizer
of the potential function, as it would mean there is a strategy profile
with a higher potential value. Therefore, the assumption that s* is
not a Nash equilibrium must be false. Hence, s* is a pure-strategy
Nash equilibrium. O

A.4 Proof of Uniqueness

THEOREM A.3. Ifwe also assume that for each creator i, the private
benefit function B; is strictly concave and the cost function C; is strictly
convex, then the Nash equilibrium is unique.

Proor. For the Nash equilibrium to be unique, the potential
function ®(s) must have a unique global maximum. A sufficient
condition for this is that ®(s) is strictly concave on the strategy
space S.

The potential function is given by:

Ok (s)
w(s) = Y (BB ~CuEN =Y, [ gtoya
i k

The first term, }; (B;(E;) — C;(E;)), is a sum of functions that are
strictly concave in the continuous effort variable E;. This makes the
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entire sum strictly concave. The second term, the integral of the
marginal congestion cost, is a function of the total effort within each
category. As G is a strictly increasing convex function, its integral
is also a strictly convex function. The sum of a strictly concave
function and a convex function is a strictly concave function. The
potential function ®(s) is therefore strictly concave with respect to
the continuous effort variables.

While the strategy space S = []; S; is not fully convex due to
the discrete category choices, the strict concavity of the potential
function with respect to the continuous effort variables ensures
that for any fixed set of category choices, there exists a unique
effort profile that maximizes the potential. The overall potential
function, a strictly concave function, has at most one global max-
imum. Since we have already proven that an equilibrium exists
(and thus a global maximum exists), this maximum must be unique.
Therefore, there exists a unique strategy profile that maximizes the
potential function, which corresponds to a unique pure-strategy
Nash equilibrium. O

A.5 Proof of Best-Response Dynamics

THEOREM A.4. Under the assumptions of continuity, compactness,
and strict concavity, best-response dynamics converge to the unique
Nash equilibrium.

Proor. The dynamics of a potential game are well-understood.
We can analyze the system’s behavior using best-response dynam-
ics, where at each step, a creator chooses the strategy that maxi-
mizes their utility given the current strategies of the others.

Let’s consider a sequence of strategy profiles {s;};2, generated
by best-response dynamics. If a creator makes a profitable move
from s;; to s; 41, their utility must strictly increase. Because our
game is an exact potential game, this also means the potential
function must strictly increase:

O(sp11) = D(Sir+155-1,6) > D(Sir, S—i,0) = O(s4).

This holds for any profitable unilateral deviation.

Since the potential function ®(s) is continuous on the com-
pact set S, it is bounded above. The sequence of potential values,
{@(s:)};2,, is strictly increasing and bounded, so it must converge.
This implies that the best-response moves must eventually diminish
in size, and the sequence of strategies converges to a state where no
creator can make a profitable unilateral deviation. This convergence
point is a local maximum of the potential function and thus a Nash
equilibrium.

As proven in the uniqueness theorem, the potential function has
a unique global maximum. Therefore, best-response dynamics must
converge to this unique Nash equilibrium. O

A.6 Proof of Stackelberg Equilibrium

THEOREM A.5. If the set of platform parameters I is compact
and the platform’s revenue R(r, s) is continuous, then there exists an
optimal set of parameters n* € II such that the resulting strategy
profile (*,s* (")) is a Stackelberg equilibrium.

Proor. The platform’s problem is a Stackelberg game with the
platform as the leader and the creators as followers. The proof is a
two-stage backward induction.
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(1) Follower Equilibrium: For any fixed set of platform param-
eters & € II, the creators play a subgame. We have already
proven that this subgame is a potential game and, under our
assumptions, admits a unique pure-strategy Nash equilib-
rium. Let this unique equilibrium be denoted by s* (). This
establishes a continuous and single-valued best-response
function for the followers.

Leader Optimization: The platform’s objective is to choose
a parameter profile 7 to maximize its revenue, given by a
function R(7, s). The platform anticipates that creators will
respond by playing their unique equilibrium strategy s* (7).
The platform’s optimization problem is to find:

max R(r, s*()).
mell

According to the theorem, the platform’s parameter space II
is compact, and the revenue function R(z, s) is continuous.
The follower’s equilibrium strategy, s* (), is a continuous
function of 7 due to the strict concavity assumptions. A
continuous function on a compact set attains a maximum.
Therefore, the function R(s, s* (1)) is continuous and attains
its maximum on the compact set I. This proves the existence
of an optimal parameter choice 7* € II for the platform.

The pair (7%, s*(7*)) constitutes a pure-strategy Stackelberg equi-
librium, representing a stable state for the entire ecosystem. O
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