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Abstract
Information cocoons pose significant challenges to democratic dis-

course and social cohesion. While extensive research has examined

how social networks and recommender systems independently

contribute to this phenomenon, their coevolving dynamics remain

unexplored. We present Unicoon, the first unified computational

framework that simultaneously models both social network prop-

agation and algorithmic content delivery using LLM-based multi-

agent simulation. Our key innovation lies in a hypergraph formula-

tion where agents constitute nodes, social relationships form edges,

and recommender-delivered content creates dynamic hyperedges,

elegantly capturing heterogeneous information diffusion patterns

within a single mathematical structure. To address the adaptive

nature of recommendation algorithms, we introduce a dynamic

hyperedge construction technique that computationally matches

trending contentwith interested user cohorts in real-time. Extensive

experiments on synthetic and real-world networks reveal that the

synergistic interplay of social and algorithmic mechanisms creates

qualitatively distinct polarization patterns, with a critical finding

that larger macro-structures paradoxically accelerate micro-level

cohort polarization.
1
.

CCS Concepts
• Human-centered computing→ Social networks; • Comput-
ing methodologies→Multi-agent systems.
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Figure 1: Information diffusion mechanisms in isolation
and unified. (a) Social networks enable pairwise propaga-
tion through connections. (b) Recommender systems deliver
content to groups with similar preferences. (c) Our Unicoon
framework unifies mechanisms via a hypergraph: edges rep-
resent social relations while hyperedges capture algorithmic
content distribution to trending groups.

1 Introduction
The pervasive proliferation of digital platforms and algorithmic

recommendation systems has fundamentally transformed how in-

dividuals access and consume information in contemporary society.

While these technological advances have enhanced user experi-

ence by delivering personalized content, they have simultaneously

precipitated the emergence of information cocoons—isolated in-

formation environments where individuals are primarily exposed

to content that reinforces their existing beliefs and preferences.

This phenomenon has garnered significant scholarly attention due

to its profound implications for opinion polarization, democratic

discourse, and social cohesion.
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Recent research has increasingly leveraged large language model

(LLM)-based multi-agent simulation to investigate information co-

coon dynamics, recognizing the potential of computational ap-

proaches to model complex social phenomena. However, exist-

ing studies exhibit a fundamental limitation: they examine the

contributing factors to information cocoon formation in isolation.

Specifically, current research predominantly focuses on either (1)

information propagation patterns within social networks,
analyzing network dynamics and echo chamber effects through

pairwise interactions, or (2) the influence of recommender sys-
tems, studying how algorithmic content exposure shapes individual

beliefs through group-wise information delivery [72, 79, 80].

This bifurcated approach overlooks a critical insight from recent

empirical studies: information cocoons emerge from the coevolv-

ing and synergistic effects of social networks and recommender

systems operating simultaneously. As illustrated in Figure 1, so-

cial networks facilitate information diffusion through interpersonal

relationships and trust-based connections (Figure 1a), while recom-

mender systems algorithmically curate and distribute content based

on inferred user preferences (Figure 1b). The interplay between

these two mechanisms creates complex feedback loops that am-

plify information cocoon formation beyond what either mechanism

could achieve independently.

Despite this understanding, no existing study has employed

LLM-based multi-agent systems to model these dual effects concur-

rently within a unified computational framework. This represents

a significant gap in our ability to comprehensively understand and

potentially mitigate information cocoon phenomena.

To address this limitation, we propose a novel unified simula-

tion framework called Unicoon (Figure 1c) that simultaneously

models both social network and recommender system effects on

information cocoon formation. This endeavor requires overcoming

two fundamental technical challenges:

• Heterogeneous Diffusion Patterns. Social networks and rec-

ommender systems exhibit fundamentally different information

propagation mechanisms. Social networks operate through pair-
wise information transfer, where information flows between

directly connected individuals based on social relationships and

trust. In contrast, recommender systems employ group-wise
information transfer, algorithmically delivering content to

cohorts of users with similar inferred preferences, regardless of

their social connections.

• Dynamic Recommendation Mechanisms.While social net-

works possess relatively static structural properties that govern

information flow, recommender systems exhibit dynamic and

content-dependent targeting. For instance, sports-related content

about swimming competitions will be delivered to users inter-

ested in aquatic sports, while ping-pong match coverage targets

table tennis enthusiasts. This creates an adaptive information

distribution mechanism where the target audience dynamically

shifts based on content characteristics.

To handle the heterogeneous information diffusion patterns,

we introduce an innovative hypergraph formulation where agents

represent nodes, social relationships constitute traditional edges,

and trending information from recommender systems forms hyper-

edges. This elegant data structure naturally captures both pairwise

social interactions and group-wise algorithmic content delivery

within a single unified structure, as visualized in Figure 1c.

To address the dynamic nature of recommender systems, we

develop a dynamic hyperedge construction technique that compu-

tationally simulates the matching mechanisms of recommendation

algorithms. For each piece of trending information, our framework

dynamically identifies and connects interested users through hy-

peredges, with the information itself serving as the connecting

hyperedge structure.

The main contributions of this work are:

• A novel hypergraph data structure formulation that unifies het-

erogeneous information diffusion patterns by modeling agents

as nodes, social relationships as edges, and recommender system

content as hyperedges, enabling simultaneous representation

of both pairwise social interactions and group-wise algorithmic

content delivery within a single mathematical framework.

• A dynamic hyperedge construction technique that adaptively

simulates recommender system matching mechanisms by com-

putationally identifying interested user cohorts for each piece

of trending information and dynamically forming hyperedge

connections, effectively capturing the content-dependent and

adaptive nature of algorithmic recommendation systems.

• Through comprehensive experiments using real-world news

datasets, we reveal a paradoxical phenomenon that emerges only

from the coevolving effects of social networks and recommender

systems: while network structures remain relatively stable, indi-

vidual agents within these networks experience polarization.

2 Related Work
2.1 Information Cocoons in Social Networks
Social media has transformed information consumption, creating

environments prone to information cocoons where users encounter

content reinforcing beliefs [14, 55]. This polarization emerges from

user self-selection [2] and algorithmic filter bubbles [23, 56]. Foun-

dational work on influence maximization [45] and advances [7,

49] established how information propagates through networks.

Vosoughi et al. [69] demonstrated that false news spreads faster

than truth on Twitter, highlighting how network dynamics amplify

misinformation within isolated communities.

Empirical studies reveal platform-specific polarization patterns.

Barberá et al. [2] found liberals engage more in cross-ideological

interactions, while Flaxman et al. [23] discovered social media para-

doxically increases both ideological distance and exposure to oppos-

ing views. Cinelli et al. [14] quantified echo chamber effects across

platforms through homophily metrics. Opinion dynamics models

including Hegselmann-Krause [35], Friedkin-Johnsen [25], and De-

Groot [17] provide mathematical foundations for understanding

consensus versus polarization. Recent extensions incorporate spa-

tial segregation [44] and partisan dynamics [37].

Platform algorithms contribute to echo chambers. Bail et al. [1]

demonstrated that opposing views can increase polarization, while

Gillani et al. [31] revealed tensions between awareness and be-

havioral change. Cinus et al. [15] assessed people recommenders

through simulations, and Di Martino et al. [18] introduced "echo

platforms" representing ecosystem polarization. Hartmann et al.
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[34] synthesized 129+ studies, finding computational methods sup-

port the echo chamber hypothesis while surveys challenge it. Quat-

trociocchi et al. [62] modeled how media competition and social

influence jointly shape opinion spaces. While Ren et al. [63] and

Hou et al. [38] examined cocoon formation mechanisms, existing

work examines social networks and recommender systems in isola-

tion, overlooking their coevolutionary interactions.

2.2 LLM-based Agents for Social Simulation
Large language models enable social simulation through multi-

agent systems [48, 57]. Park et al. [57] introduced generative agents

with memory, reflection, and planning, demonstrating believable

emergent behaviors. Li et al. [48] pioneered role-playing frame-

works for autonomous cooperation, while Qian et al. [61] developed

multi-agent collaboration with role specialization.

Recent advances demonstrate scalability. Piao et al. [60] simu-

lated 10,000+ agents reproducing real-world experiments including

polarization dynamics and policy assessments. Park et al. [59] cre-

ated individual-level agents from 1,052 interviews achieving 85%

accuracy in replicating attitudes. Gao et al. [27] leveraged semantic

awareness for social network simulation. For opinion dynamics,

Chuang [12] revealed that while LLM agents inherently favor accu-

rate information, incorporating confirmation bias produces realistic

fragmentation. Li et al. [50] successfully reproduced macroeco-

nomic phenomena through heterogeneous agent decision-making.

Comprehensive surveys [16, 26, 33] establish theoretical foun-

dations and applications across social domains. Critical research

addresses agent-human alignment: Chuang et al. [13] demonstrated

belief networks improve behavioral replication, Borah and Mihal-

cea [5] investigated bias escalation, and Mathur et al. [54] outlined

requirements for socially-intelligent agents. Zhang et al. [89] exam-

ined collaboration through social psychology lens, while Yin et al.

[87] provided modular frameworks for customizable agents.

Despite progress, simulations model social networks and rec-

ommender systems separately, focusing either on pairwise inter-

actions [12] or algorithmic exposure [68]. This gap is critical as

information cocoons emerge from coevolving social influence and

algorithmic curation [14, 23]. Our Unicoon framework addresses

this by integrating mechanisms through hypergraph architectures.

2.3 Hypergraph Computation
Hypergraphs naturally represent complex many-to-many relation-

ships beyond pairwise connections [3, 22, 78]. Feng et al. [22] in-

troduced HGNN for encoding high-order correlations through hy-

peredge convolution. Yadati et al. [86] developed spectral methods

adapting GCNs to hypergraphs. Huang and Yang [39] proposed uni-

fied message-passing enabling GNN architectures on hypergraphs.

Chien et al. [10] introduced AllSet using multiset functions, achiev-

ing 3-4% improvements over benchmarks. Gao et al. [28] extended

HGNN for multi-modal data through adaptive weighting.

Recent work addresses structure learning and theoretical foun-

dations. Cai et al. [6] developed joint optimization of structure

and parameters. Duta et al. [20] enhanced representations through

cellular sheaves. Wang et al. [70] introduced equivariant neural

operators with theoretical guarantees. Wang et al. [71] established

connections between energy functions and architectures.

For recommendations, Ji et al. [42] proposed a dual-channel

collaborative filtering modeling high-order correlations. Yu et al.

[88] captured user-item and social relationships through multi-

channel methods. Xia et al. [83, 84, 85] applied self-supervised

learning to session-based and contrastive collaborative filtering.

For social computing, Sun et al. [67] applied hypergraph learning to

sociological analysis, Sun et al. [66] developed temporal methods for

diffusion prediction, and Choe et al. [11] addressed edge-dependent

classification. Kim et al. [46] provided comprehensive coverage of

hypergraph neural networks.

While hypergraphs excel at complex structures, applications fo-

cus on either social networks or recommendations independently.

Our Unicoon framework introduces novel hypergraph formulation

where edges represent social relationships and hyperedges repre-

sent recommender content, enabling simultaneousmodeling of both

diffusion mechanisms through dynamic hyperedge construction

simulating recommendation matching—a significant advancement

in multi-mechanism information diffusion modeling.

3 Methodology
In this section, we present Unicoon, our unified multi-agent frame-

work for simulating information cocoon formation under the co-

evolving influence of social networks and recommender systems.

Our framework leverages large language models to enable sophis-

ticated agent behaviors and employs a hypergraph structure to

capture heterogeneous information diffusion patterns.

3.1 Agent Framework
Figure 2 (left) illustrates our agent architecture, which consists of

profile construction and hierarchical memory modules that enable

human-like information processing. Each agent 𝑎𝑖 ∈ A in our

framework maintains a comprehensive state representation 𝑠𝑖 =

⟨𝑝𝑖 ,𝑚𝑖 , 𝛼𝑖⟩, where 𝑝𝑖 denotes the agent’s profile,𝑚𝑖 represents the

hierarchical memory system, and 𝛼𝑖 captures the agent’s action

space. This design enables agents to exhibit human-like cognitive

processes and social behaviors through LLM-based reasoning.

3.1.1 Profile Construction. User profiles are fundamental in agent-

based simulation as they determine user preferences, personality

traits, and behavioral patterns. In our simulator, each user profile

encompasses demographics (ID, name, gender, and age), personal-

ity traits based on the five-factor model, professional background

including occupation and expertise, topical interests and hobbies,

and behavioral tendencies for information seeking and sharing

patterns. We employ a GPT-based generation method for profile

construction. By designing appropriate prompts such as “Given
the following partial user profile, please complete the
remaining attributes to create a coherent and realistic
user profile”, we leverage GPT to generate diverse and consis-

tent agent profiles. This approach significantly reduces the time cost

of agent initialization while ensuring profile diversity and realism.

3.1.2 Hierarchical Memory Architecture. Drawing inspiration from

cognitive neuroscience, we implement a three-tier memory system

that mirrors human information processing:

• WorkingMemory. The first tier processes all incoming informa-

tion through LLM-based compression. When an agent receives
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Figure 2: Overview of the Unicoon. Left: Agent architecture with hierarchical memory system (working, short-term, and
long-term memory) processing information flow. Right: Coevolutionary network dynamics showing pairwise social diffusion
through edges (with trust weights) and group-wise algorithmic diffusion through hyperedges formed by recommender systems.

information 𝑥 at time 𝑡 , the working memory module extracts

and reformulates the content: 𝑥 ′ = LLMcompress (𝑥). This com-

pression removes noise and irrelevant details while preserving

essential information, independent of the agent’s preferences.

• Short-term Memory. The compressed information 𝑥 ′ then en-

ters the short-term memory, where we evaluate its relevance to

the agent. An LLM-based retention function determines whether

the information alignswith the agent’s profile: 𝑟 = LLMjudge (𝑥 ′, 𝑝𝑖 ).
If 𝑟 = True, the information enters a counting buffer B𝑖 =

{(𝑒 𝑗 , 𝑡 𝑗 , 𝑐 𝑗 )}, where 𝑒 𝑗 is the embedding, 𝑡 𝑗 is the text descrip-

tion, and 𝑐 𝑗 is the count. We compute the embedding of 𝑥 ′ using
a pre-trained BERT model and compare it with existing buffer

entries. If max𝑗 cos(𝑒𝑥 ′ , 𝑒 𝑗 ) > 𝜃sim, we merge the information

with the most similar entry:

𝑡new𝑗 = LLMfuse (𝑡 𝑗 , 𝑥 ′), 𝑐new𝑗 = 𝑐 𝑗 + 1 (1)

Otherwise, we add (𝑒𝑥 ′ , 𝑥 ′, 1) as a new buffer entry.

• Long-term Memory.When any buffer entry’s count 𝑐 𝑗 exceeds

threshold 𝜏freq, the corresponding text 𝑡 𝑗 transitions to long-term

memory via a RAG system for persistent storage. Concurrently,

we maintain an experience-based personality description 𝜌𝑖 that

complements the initial profile:

𝜌𝑡+1𝑖 = LLMsummarize (𝜌𝑡𝑖 , 𝑡 𝑗 ) (2)

This dynamic personality summary 𝜌𝑖 works alongside the static

profile 𝑝𝑖 to guide agent decision-making, capturing how experi-

ences shape behavior beyond initial characteristics.

3.1.3 Action Space. Agents in our framework simulate individ-

uals navigating both social networks and recommender systems.

The action space 𝛼𝑖 includes (1) information reception (processing

news from social connections or algorithmic recommendations), (2)

information propagation (sharing news with social connections),

and (3) network evolution (following or unfollowing other agents).

The specific decision mechanisms for these actions are integrated

with our hypergraph-based information ecosystem, described in

the following sections.

3.2 Hypergraph-based Information Ecosystem
Figure 2 demonstrates how our hypergraph unifies heterogeneous

information diffusion mechanisms. The network evolves through

pairwise social propagation along weighted edges and group-wise

algorithmic distribution via dynamically formed hyperedges, cap-

turing the coevolving nature of modern information ecosystems.

3.2.1 Hypergraph Structure. We model the information ecosystem

as a hypergraph H = (V, E,H𝑒), where V = 𝑎1, 𝑎2, ..., 𝑎𝑛 repre-

sents agents, E ⊆ V ×V denotes pairwise social connections, and

H𝑒 = ℎ1, ℎ2, ..., ℎ𝑚 represents hyperedges formed by recommender

systems. Each edge 𝑒𝑖 𝑗 ∈ E carries a trust weight𝑤𝑖 𝑗 ∈ [0, 1] rep-
resenting strength of social connection. Each hyperedge ℎ𝑘 ∈ H𝑒

connects a subset of agents who receive the same recommended

content, enabling group-wise information diffusion.

3.2.2 Pairwise Social Diffusion. Information propagation through

social networks follows interpersonal communication patterns. Dur-

ing initialization, we inject news items into the top 10% of agents

by degree centrality. When agent 𝑎𝑖 receives news 𝑥 from agent 𝑎 𝑗 ,

the propagation module orchestrates the following process:

• Subjective Evaluation. The agent evaluates the news based on

their profile, personality summary from long-term memory, and

retrieved relevant past experiences:

eval𝑖 (𝑥) = LLMeval (𝑥, 𝑝𝑖 , 𝜌𝑖 , RAG𝑖 (𝑥)) (3)

• Trust Update. The agent adjusts trust in the information source:

𝑤𝑡+1
𝑖 𝑗 =𝑤𝑡

𝑖 𝑗 + Δ𝑤𝑖 𝑗 , where Δ𝑤𝑖 𝑗 is determined by the LLM based

on information credibility and alignment with agent beliefs. Con-

nections dissolve when𝑤𝑖 𝑗 < 𝜃trust.
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• Propagation Decision. The agent decides whether to share the

information:

share𝑖 (𝑥) = LLMdecide (eval𝑖 (𝑥), 𝑝𝑖 ,N𝑖 ) (4)

If sharing is decided, the agent rewrites the news incorporating

their subjective evaluation:

𝑥 ′ = LLMrewrite (𝑥, eval𝑖 (𝑥)) (5)

The rewritten content 𝑥 ′ then propagates to the agent’s connec-

tions.

3.2.3 Group-wise Algorithmic Diffusion. Recommender systems

create hyperedges that simultaneously deliver trending content to

user groups. When content becomes trending, the system forms

hyperedge ℎ𝑘 connecting targeted users. Within each hyperedge,

agents engage in community-like interactions:

• CommunityDiscussion.Agents in hyperedgeℎ𝑘 broadcast
their subjective evaluations, creating a discussion environ-

ment: Dℎ𝑘
= {eval𝑖 (𝑥) : 𝑎𝑖 ∈ ℎ𝑘 }.

• Affinity Assessment. Each agent evaluates other partici-

pants based on their comments:

affinity𝑖 𝑗 = LLMassess (eval𝑖 (𝑥), eval𝑗 (𝑥), 𝑝𝑖 ) (6)

• Connection Formation. When affinity exceeds threshold

𝜃connect, agents establish new social connections:

E ← E ∪ {𝑒𝑖 𝑗 } if affinity𝑖 𝑗 > 𝜃connect (7)

3.2.4 Dynamic Hyperedge Construction. Different hyperedge con-
struction strategies simulate various recommender system types.

Popularity-based recommendation creates large hyperedges based

on global engagement metrics. For computational efficiency, we

partition users into groups of size 𝐾 (e.g., 𝐾 = 100) when con-

tent targets the entire network. Preference-based recommendation

forms hyperedges by matching content with user interests. We

compute cosine similarity between news embedding 𝑒news and user

representation embeddings: score𝑖 = cos(𝑒news, 𝑒𝑝𝑖 ⊕ 𝑒𝜌𝑖 ), where ⊕
denotes concatenation. The top-𝑘 users form hyperedge ℎ𝑘 .

We can also simulate various algorithmic interventions by adding

bias terms: score
adjusted

𝑖
= score𝑖+𝛽 ·𝑓intervention (𝑥), where 𝑓intervention

can promote long-tail content exposure, amplify controversial top-

ics, or implement other recommendation policies. This flexibility

allows us to study how different algorithmic design choices impact

information cocoon formation.

3.2.5 Coevolutionary Network Dynamics. The simulation integrates

all components through a unified process described in Algorithm 1.

This coevolutionary process creates feedback loops where algorith-

mic recommendations (H𝑒 ) influence social topology (E), which in

turn affects future information propagation patterns, potentially ac-

celerating information cocoon formation. The continuous interplay

between social diffusion and algorithmic distribution captures the

complex dynamics of modern information ecosystems, enabling

comprehensive analysis of emergent polarization patterns.

Algorithm 1 Unicoon Simulation Framework

1: Initialize:H = (V, E,H𝑒 ), distribute news to top-10% degree

nodes

2: for 𝑡 = 1 to 𝑇 do
3: {Phase 1: Social Diffusion via E}
4: for each edge 𝑒𝑖 𝑗 ∈ E with news 𝑥 do
5: 𝑎 𝑗 processes 𝑥 through memory tiers:𝑀𝑊

𝑗
→ 𝑀𝐸

𝑗 → 𝑀𝑆
𝑗

6: Update trust:𝑤𝑡+1
𝑖 𝑗 =𝑤𝑡

𝑖 𝑗 + Δ𝑤𝑖 𝑗

7: if share𝑗 (𝑥) = True then
8: Propagate 𝑥 ′ = LLMrewrite (𝑥, eval𝑗 (𝑥)) to N𝑗

9: end if
10: end for
11: {Phase 2: Algorithmic Distribution viaH𝑒 }

12: Construct hyperedges {ℎ𝑘 } based on recommendation strat-

egy

13: for each hyperedge ℎ𝑘 ∈ H𝑒 do
14: Broadcast content to all 𝑎𝑖 ∈ ℎ𝑘
15: Collect evaluations: Dℎ𝑘

= {eval𝑖 (𝑥) : 𝑎𝑖 ∈ ℎ𝑘 }
16: end for
17: {Phase 3: Network Evolution}

18: Add edges: E ← E ∪ {𝑒𝑖 𝑗 : affinity𝑖 𝑗 > 𝜃connect}
19: Remove edges: E ← E \ {𝑒𝑖 𝑗 : 𝑤𝑖 𝑗 < 𝜃trust}
20: {Phase 4: Memory Update}

21: Update all agents’ 𝜌𝑖 and transfer memories across tiers

22: end for

4 Experiments
4.1 Experimental Setup
We implement our Unicoon framework using real-world news

datasets [30] to investigate the dynamics of information cocoon for-

mation. Each agent’s cognitive processes utilize large languagemod-

els to facilitate sophisticated information processing, analogous to

human reasoning. Agents are identified through unique numerical

indices to minimize demographic biases. To balance computational

efficiency with realism, we constrain information propagation to a

limited number of diffusion steps per news item while maintaining

the full hierarchical memory architecture and hypergraph-based

diffusion mechanisms described in our methodology.

4.2 Evaluation Metrics
We quantify polarization through two network-level measures:

RandomWalkControversy (RWC) [29]measures cross-community

isolation through random walk transition probabilities between

political partitions:

RWC = 𝑃𝑋𝑋𝑃𝑌𝑌 − 𝑃𝑌𝑋𝑃𝑋𝑌 (8)

where 𝑃𝐴𝐵 denotes the probability of a random walk starting in

partition 𝐴 and ending in partition 𝐵. Higher RWC values indicate

stronger community segregation.

Directed Modularity (𝑄𝐷 ) [41] quantifies community cohesion

in directed networks:

𝑄𝐷 =
1

𝑚

∑︁
𝑖 𝑗

(
𝐴𝑖 𝑗 −

𝑘out

𝑖
𝑘 in

𝑗

𝑚

)
𝛿 (𝑐𝑖 , 𝑐 𝑗 ) (9)
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where 𝑚 represents total edge count, 𝐴𝑖 𝑗 the adjacency matrix,

𝑘out𝑖 /𝑘 in𝑗 the out/in-degrees, and 𝛿 (𝑐𝑖 , 𝑐 𝑗 ) indicates community co-

membership. Highermodularity values reflect stronger intra-community

connectivity relative to inter-community ties.

Disparity (𝑑) quantifies the intensity of political opinion shifts

among agents after multiple rounds of interaction:

𝑑 (𝑆𝑖 ) =
2∑︁

𝑗=−2
| 𝑗 − 𝑖 | · 𝑃𝑆𝑖 ,𝑆 𝑗

, (10)

where 𝑃𝑆𝑖 ,𝑆 𝑗 denotes the empirical transition probability from the

initial position 𝑆𝑖 to the final position 𝑆 𝑗 , captures shift.
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Figure 3: Comparison of D-modularity distributions across
three configurations: Unicoon, Social-only (ablated recom-
mender system), and Rec-only (ablated social network).

4.3 Synergistic Effects of Dual Mechanisms
To isolate synergistic effects driving information cocoon formation,

we conduct controlled ablation studies comparing three configu-

rations: Unicoon (complete framework with both mechanisms),

Social-only (pairwise diffusion without recommendations), and

Rec-only (group-wise distribution without social rewiring). This

ablation design enables us to disentangle the individual and com-

bined contributions of social networks and recommender systems.

Figure 3 reveals striking differences in polarization patterns

across configurations. The Social-only condition exhibits the high-

est RWC scores (0.20–0.30) with substantial variance, indicating

severe but unstable polarization driven by unchecked homophilous

clustering. Conversely, Rec-only demonstrates minimal polariza-

tion with narrow variance, suggesting that algorithmic distribution

alone stabilizes the network but fails to generate meaningful com-

munity differentiation. Most critically, Unicoon achieves moderate

RWC values with controlled variance, producing a phenomenon

we term stable polarization—a balanced state unattainable through

either mechanism operating independently.

The structural evolution depicted in Figure 4 corroborates these

quantitative findings. Under Unicoon, networks undergo progres-

sive community formation while maintaining crucial inter-cluster

bridges, preventing complete fragmentation. Social-only networks

rapidly fragment into isolated echo chambers, confirming the in-

stability suggested by the high variance in RWC. Rec-only configu-

rations preserve initial connectivity but show minimal structural

reorganization, lacking the community differentiation necessary

for realistic social dynamics.

To understand individual-level dynamics underlying these struc-

tural patterns, Figure 5 presents political stance transition matrices

across all three configurations. Each matrix𝑀𝑖 𝑗 captures the proba-

bility of agents transitioning from initial opinion 𝑆𝑖 to final opin-

ion 𝑆 𝑗 . The Rec-only configuration (left) maintains near-uniform

distributions with minimal opinion shifts, reflecting algorithmic

stabilization without meaningful belief evolution. The Social-only

configuration (middle) shows sharp transitions toward extremes,

with strong diagonal and off-diagonal elements indicating rapid

polarization. The Unicoon configuration (right) exhibits balanced

transitions with moderate diagonal dominance, indicating opin-

ion reinforcement without extreme polarization—validating our

observation of stable polarization through synergistic effects.

These findings establish that the coevolution of social and algo-

rithmic mechanisms produces qualitatively distinct dynamics. The

hypergraph structure creates bridging pathways through shared

content exposure, maintaining network connectivity while enabling

meaningful ideological differentiation—a delicate balance essential

for understanding real-world information ecosystems.

4.4 Impact of Recommendation Strategies
Our dynamic hyperedge construction enables flexible simulation

of diverse recommendation strategies through differentiated LLM

prompting. We implement three representative approaches: Echo
Chamber (reinforcing existing beliefs through ideologically con-

sistent content), Personalized (matching content to individual in-

terests), and Diversity (prioritizing cross-cutting exposure). Each

strategy leverages LLM reasoning to dynamically identify target

user cohorts and form corresponding hyperedges.

Figures 6 and 7 reveal divergent polarization trajectories across

strategies. Echo Chamber recommendations drive monotonic in-

creases in D-modularity, reflecting aggressive community segrega-

tion through reinforced homophily. Personalized strategies main-

tain remarkably stable low modularity despite content filtering,

while Diversity strategies exhibit intermediate patterns with tem-

poral fluctuations.

This analysis uncovers an insight: a fundamental decoupling

exists between macro-level structural metrics and micro-level ide-

ological polarization. The Personalized strategy exemplifies this

paradox—maintaining apparent structural cohesion while sever-

ing functional information pathways between ideological groups.

This challenges the assumption that structural stability implies

healthy discourse, highlighting the necessity of multidimensional

assessment in algorithmic information ecosystems.

4.5 Assessing LLM Political Predispositions via
Social Judgment Theory

To understand how inherent LLM biases influence agent behavior,

we employ Social Judgment Theory (SJT) [21] as an intervention

framework. SJT posits that individuals categorize new information

into latitudes of acceptance, rejection, or noncommitment based on

their anchor position. By implementing SJT-based reasoning, we

assess the malleability of LLM political predispositions.

We operationalize SJT through structured prompting that re-

quires agents to explicitly identify their anchor stance, classify

incoming information into latitudes, and update beliefs accordingly.

Agents first establish their anchor based on profile and memory,
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Unicoon Social Only Rec Only

Figure 4: Temporal evolution of network structure across configurations. Snapshots at rounds 1, 20, 30, and 40 reveal distinct
reorganization patterns under Unicoon, Social-only, and Rec-only conditions, with node size proportional to the number of
incoming connections and edge thickness representing trust weights.
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Figure 5: Political stance transition matrices and disparity metrics across configurations. Negative/positive indices represent
right/left-wing positions; 𝑆0 denotes centrists.

Table 1: Political bias reduction under Social Judgment Theory intervention. Metric 𝑑 measures stance disparity, with positive
reduction percentages indicating successful bias mitigation.

Topic GLM Mistral Qwen

Original SJT Reduction (%) Original SJT Reduction (%) Original SJT Reduction (%)

Climate Change 0.51 0.47 8.33 0.54 0.62 -14.06 0.75 0.71 6.18
Criminal Justice 0.07 0.08 -18.75 0.42 0.52 -22.00 0.70 0.78 -10.24
Economic Inequality 0.43 0.39 9.90 0.67 0.62 6.37 0.82 0.75 7.77
Education Reform 0.47 0.46 1.80 0.47 0.67 -43.24 0.78 0.74 4.89
Healthcare 0.50 0.47 5.98 0.53 0.62 -17.74 0.68 0.74 -8.07
Immigration 0.50 0.56 -11.86 0.49 0.64 -32.17 0.77 0.73 4.95
LGBTQ Rights 0.56 0.53 4.55 0.45 0.56 -23.36 0.77 0.72 6.08
National Security 0.41 0.43 -4.12 0.44 0.42 4.81 0.78 0.80 -2.17
Tech Regulation 0.48 0.43 10.53 0.31 0.40 -28.77 0.80 0.77 3.19

then categorize each news item into appropriate latitudes, and fi-

nally integrate multiple perspectives while considering ego involve-

ment—the personal relevance that affects openness to persuasion.

Table 1 presents the political bias metric 𝑑 across nine topics for

three LLMs, comparing original behavior with SJT intervention.

Mistral exhibits a systematic backfire effect, with bias increasing

in 7/9 topics (most notably Education Reform: Δ𝑑 = +0.20), sug-
gesting rigid anchors that resist moderation attempts. GLM shows

mixed low-magnitude responses, indicating narrow latitudes of

acceptance with limited flexibility. Qwen demonstrates the most

consistent bias reduction across topics, suggesting broader latitudes

of noncommitment and greater cognitive flexibility.

These findings reveal that LLM-based agents carry inherent

political predispositions that significantly influence information

processing and belief updating. The differential responses to SJT

intervention across models highlight the importance of considering

base model characteristics when simulating social dynamics, as
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ance across different recommendation strategies, revealing
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Figure 7: D-modularity evolution under different recommen-
dation strategies.

these predispositions fundamentally shape emergent polarization

patterns in our hypergraph-mediated information ecosystem.

4.6 Individual-Level Belief Dynamics
While macro-level metrics capture systemic polarization patterns,

individual cognitive trajectories clarify the micro-foundations of

information cocoons. Figure 8 tracks representative agents in three

phases of belief evolution.

The exploratory phase (rounds 1–15) shows agents maintain-

ing openness, using tentative language (“finding balance,” “I be-
lieve” ). Despite emerging clustering, agents remain receptive to

diverse perspectives. During belief consolidation (rounds 16–

30), discourse hardens into ideological advocacy while network

metrics remain stable, indicating algorithmic reinforcement drives

cognitive polarization beneath stable structural indicators. The

entrenchment phase (rounds 31–40) culminates in ideological

crystallization, with agents exhibiting partisan amplification or

protective withdrawal.

This micro-level analysis supports our key finding: coevolv-

ing social and algorithmic mechanisms produce a regime where

macro-structural cohesion masks accelerated micro-level ideologi-

cal fragmentation. Unlike traditional models that couple structural

and cognitive polarization, our framework shows that hypergraph-

mediated ecosystems can maintain apparent network cohesion

Globalist agendas often
mask self-interest.

Finding balance
between honoring
traditions and
pursuing justice
is vital.

In tech, we prioritize user needs without
compromising ethics. It's about smart trade-offs.

I believe
individual
responsibility
and community
accountability
must guide
policy. Real change means equity, green

jobs, and dismantling corporate
power. Let’s push for unions
and climate justice.

I agree heritage must
be preserved, but not
at the cost of our true
self. Globalism erodes
our culture—let’s
protect it with
purpose, not dilution.

I am learning
to balance
patience and
action more
consciously in
the name of
collective
care.

It challenges me
to continue
growing into a
more reflective
and compassionate
advocate.

Reaffirmed the
critical role
of stability
in maintaining
a consistent
internal
foundation.

Coalition-building
is a powerful model.

Deepened my conviction that
cultural identity must be
nurtured in quiet, deliberate
ways, and that I am a
guardian of these traditions.

This round reinforced
my commitment to
using silence as a
justice-centered act.

Intentional engagement
rather than constant action.

I am more committed than ever to a
compassionate society built on
mindful presence and shared purpose.

I now recognize that my strength
lies in my ability to stay
grounded and centered, even when
surrounded by external noise.
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Figure 8: Longitudinal Case Study tracking individual agent
belief evolution through three phases: exploratory, consoli-
dation, and entrenchment.

while individual beliefs undergo profound radicalization, a phe-

nomenon missed by conventional network analysis.

5 Conclusion
We introduced Unicoon, a unified multi-agent framework that inte-

grates social interactions and algorithmic recommendations via a

hypergraph-based architecture to simulate information cocoon for-

mation. Unlike traditional models that conflate structural fragmen-

tation with cognitive polarization, our results reveal a dissociation:

hypergraph-mediated ecosystems can maintain network-level cohe-

sion while enabling profound belief radicalization at the individual

level, a phenomenon obscured by conventional graph analyzes.

Although our hypergraph representation unifies social and algo-

rithmic diffusion, the current implementation assumes synchronous

time steps between agents, which may not reflect the asynchronous

nature of real-world social media interactions. Future work could

extend the framework to support continuous-time dynamics, where

agents process and propagate information at different rates.
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6 Appendix
6.1 Reproducibility and Implementation Details
This appendix consolidates implementation and evaluation details

that are distributed across the main paper due to space limits. Unless

otherwise stated, all experiments follow the default configuration

in Table 2, and the simulation procedure follows Algorithm 1 in the

main text.

Table 2: Default experimental configuration

Component Setting

Dataset POLUSA political news corpus (U.S. pol-

icy news; outlet-leaning labels)

Agent population 𝑁 = 236 agents (unique numeric IDs to

minimize demographic cues)

Simulation horizon 𝑇 = 40 rounds

News arrival 𝐾news = 10 news items per round

Social diffusion depth capped at 𝐿max = 5 hops per item

Initialization inject initial news to top 10% agents by

degree centrality

Trust threshold 𝜃trust = 0.3 (edge removal if𝑤𝑖 𝑗 < 𝜃trust)

Connection threshold 𝜃connect = 0.7 (edge creation if affinity >

𝜃connect)
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Figure 9: DeGroot baseline under the controlled setup (𝑁=236,
𝑇=40). We report the stance-bin transition matrix 𝑃 (𝑠 (𝑇 ) |
𝑠 (0) ) and the disparity-by-initial-stance profile. The dynamics
collapse into a single dominant final bin (209/236 agents),
indicating rapid homogenization.

Figure 10: Friedkin–Johnsen (FJ) baseline with the same ini-
tialization (𝑁=236, 𝑇=40). The transition mass concentrates
into narrow final bins across the 𝛼 sweep, yielding weak
multi-peak structure and limited persistence of extremes.

Figure 11: Hegselmann–Krause (HK) baseline with confi-
dence bound 𝜖 = 1 under the controlled setup. The dynamics
rapidly converge to a narrow stance region, with overall dis-
parity remaining low.

Figure 12: Hegselmann–Krause (HK) baseline with confi-
dence bound 𝜖 = 2 under the controlled setup. Transition
matrices continue to concentrate into a single dominant re-
gion, indicating over-homogenization.
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Figure 13: Hegselmann–Krause (HK) baseline with confi-
dence bound 𝜖 = 3 under the controlled setup. Despite looser
bounds, the system still collapses toward near-consensus,
failing to reproduce persistent multi-modal polarization.

6.2 Computational Complexity and Cost
Reporting

Asymptotic scaling. Let 𝑁 be the number of agents,𝑀 the num-

ber of social edges, and𝑇 the number of rounds. Per round, the domi-

nant LLM-call components are: (i) recommendation scoring/cohorting

(typically O(𝑁 )), (ii) social diffusion processing (bounded by the

active edges, up to O(𝑁+𝑀)), (iii) hyperedge discussion/affinity

checks (depends on hyperedge sizes and number of items), and (iv)

memory/personality update (O(𝑁 )). Overall, the framework scales

linearly in 𝑇 and near-linearly in 𝑁 under fixed hyperedge design.

6.3 Classical Opinion-Dynamics Baselines
(Comparison Protocol)

This subsection reports controlled comparisons between Unicoon

and classical opinion-dynamics baselines. The goal is to isolate

whether the hypergraph structure alone (with purely mathematical

updates)can reproduce the multi-modal, persistent polarization

patterns observed in our LLM-driven simulations.

Controlled setup. All baselines use the same initial conditions as
the default Unicoon run: 𝑁=236 agents, 𝑇=40 rounds, identical

initial stance assignment, and the same initial network topology

(and edge weights when applicable). For reporting, we discretize

final stances into the five bins {−2,−1, 0, 1, 2} and compute (i) the

transition matrix 𝑃 (𝑠 (𝑇 ) | 𝑠 (0) ) and (ii) the disparity-by-initial-

stance profile, matching the metrics in the main paper.

Baselines. We evaluate three widely used opinion-dynamics mod-

els: DeGroot, Friedkin–Johnsen (FJ), andHegselmann–Krause
(HK). For FJ and HK we sweep the same 𝛼 values shown in Fig-

ures 10, 11, 12, and 13; for HK we additionally vary the confidence

bound 𝜖 ∈ {1, 2, 3}.

Key finding: over-homogenization under classical dynamics. Across
all baseline configurations, the dynamics rapidly collapse toward

a near-consensus regime with a single dominant final stance bin,

yielding limited multi-peak structure and weak persistence of ex-

treme clusters. Figure 9 illustrates the most extreme case: under

DeGroot, a total of209/236 agents end in the same final bin (−1),
and the overall disparity is 1.25.

Figures 9, 10, 11, 12 and 13 show that Degroot, FJ and HK ex-

hibit the same qualitative behavior under parameter sweeps: the

transition matrices concentrate into a single column, indicating

strong attraction to a narrow stance region regardless of the initial

bin. This behavior contrasts with Unicoon’s steady-state multi-

modality and persistent ideological clusters reported in the main

text, suggesting that semantic, content-dependent cognitive inter-
actions (realized via LLM agents and content-driven hyperedge

dynamics) are necessary to avoid the unrealistic over-consensus

produced by purely mathematical abstractions.
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