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Abstract

This document proposes a conceptual framework for a “Looking Glass Algo-
rithm” (LGA), a novel recommender system paradigm designed to counter the filter-
bubble and polarization effects of engagement-optimized platforms. Moving beyond
the core objective of maximizing watch time, the LGA introduces a secondary op-
timization target: Perspective Value. It dynamically audits a user’s information
diet and strategically recommends content that addresses identified gaps in view-
point or source diversity. This paper details the LGA’s specification, contrasts it
with the operational baselines of YouTube and TikTok-style feeds, and discusses
its technical and societal challenges. Furthermore, we propose its integration as a
large-scale experimental framework for the LEGACY Program, offering a real-world
testbed for measuring semantic torsion (75) and the effects of coherent information
structures (Egregores) within the noosphere.

1 Introduction: The Need for a Cognitive Antidote

Modern content recommendation systems (e.g., YouTube, TikTok) are engineered to
maximize user engagement. This creates a self-reinforcing loop where a user’s existing
preferences are continuously reflected back, leading to informational isolation known as
filter bubbles or echo chambers |pariser2011filter|. While effective for retention, this
model has been implicated in societal fragmentation and epistemic closure.

The Looking Glass Algorithm (LGA) proposes an inversion of this paradigm. Con-
ceptualized as an intelligent mirror, it does not merely reflect a user’s past but analyzes
the boundaries of their informational world to proactively recommend content offering
complementary, opposing, or missing perspectives [flaxman2016filter|. Its primary ob-
jective shifts from pure engagement to cognitive curation, aiming to foster nuanced
understanding through managed exposure to viewpoint diversity.

2 Baseline Analysis: Current Platform Mechanisms

To ground the LGA proposal, we first define the operational baselines of dominant plat-
forms.



2.1 YouTube’s Recommendation Engine

YouTube’s system is a personalized network that "pulls" content each user is likely to
watch and enjoy [covington2016deep].

e Key Ranking Factors: User engagement signals (click-through rate, watch time,
likes/shares), viewer satisfaction surveys, watch history, and long-term relevance
trends [covington2016deep|.

e Observed Effect: Creates a highly personalized stream that can confine users
within a narrow thematic interest, reinforcing existing beliefs.

2.2 TikTok-Style For-You Feeds

TikTok employs a discovery-first model based on infinite scroll, testing content with
micro-audiences before broader dissemination [hu2024tiktok].

e Key Ranking Factors: Completion rates and retention, re-engagement (re-watches),
content variety (limiting same-creator overload), and explicit user feedback (likes,
passes) |hu2024tiktok|.

e Observed Effect: Enables extreme virality for highly engaging, often emotional
or trend-based content, which can amplify simplified or sensational information.

Both systems, while different in mechanics, share a core logic: amplification of
affinity. The LGA seeks to modulate this logic with a counter-balancing principle.

3 The Looking Glass Algorithm: Formal Specification

3.1 Data Inputs and Perspective Analysis

The LGA extends standard inputs with novel modules for auditing information diet.

e Standard Inputs: User behavior (watch history, likes, searches), content metadata
(keywords, themes, source, emotional tone).

e Novel Inputs for Perspective Analysis:
— Viewpoint Mapping: Classification of content on a spectrum of opinions or

schools of thought for a given topic.

— Information Diet Audit: Periodic analysis of thematic and source bias
diversity within a user’s consumption history.

— Cognitive Challenge Metric (x): An estimate of the perspective shift or
cognitive dissonance a piece of content ¢; would introduce to user ;.



3.2 Core Processing Logic

The algorithm’s innovation lies in its dual-objective scoring and dynamic blending.

e Dual-Score Recommendation Loop: For each candidate item ¢;, the LGA
computes two scores in parallel:

Saffinity (Ci, ;) = f(engagement history, content similarity) (Traditional Relevance)
(1)

Sperspective(Cis U;) = g(x(ci, u;), diet _gap(c;,u;)) (Perspective Value) (2)

The function g increases with the content’s ability to address a lack in the user’s
current information regime.

e Dynamic Blending: The final feed is a weighted blend:
Feed = o - rank(Sagsnity) + (1 — @) - rank(Sperspective) (3)

The blending parameter « for user u; adapts based on implicit openness (e.g., watch
time on past perspective recommendations) and explicit user settings.

e Transparency Module: Allows for “expansion labels” (e.g., “You often watch
content on topic X; this presents viewpoint Y”), making the curation logic inter-
pretable.

3.3 User Controls and Feedback

The LGA shifts the user from a passive signal source to an active participant.

e Explicit Preference: A tunable “Openness Dial” from “Comfort & Similarity” to
“Discovery & Challenge.”

e Perspective-Specific Feedback: Action buttons like “Useful different view” or
“Too far from my interests” provide direct learning signals for the Sperspective model.

e Information Diet Dashboard: A visualization tool showing the diversity of
sources and viewpoints in the user’s consumed content over time.

4 Comparative Analysis: Paradigm Shift

The following table contrasts the LGA’s proposed operation with the current platform
baseline.

5 Integration with the LEGACY Program: A Noo-
spheric Testbed

The LGA is not merely a social feature proposal; it represents a powerful experimental
framework for testing hypotheses central to the LEGACY Program’s Pillar 11T (Paradox-
ical Culture).



Table 1: Paradigm Comparison: Traditional vs. Looking Glass Algorithms

Aspect

Traditional Algorithm
(YouTube/TikTok)

Proposed Looking Glass
Algorithm

Primary Objec-
tive

Feed Logic

User Role

Core Risk

Transparency

Maximize watch time and im-
mediate engagement.

“Here is more of what you al-
ready like and watch.”

Passive source of behavioral
signals.

Reinforcement of bias, filter
bubbles, polarization.

Black box. User does not
know why content is recom-
mended.

Optimize a balance between
engagement and perspectival
enrichment.

“Here is what you like, and
here is something different to
expand your view.”

Active participant who can
tune and give feedback on
feed diversity.

Cognitive overload, poorly
calibrated “challenge” content
perceived as intrusive.
Potential for explainability
via “expansion labels” and a
personal diet dashboard.

5.1 Testing Semantic Torsion (7y)

A deployed LGA could be the most sensitive detector ever built for measuring semantic
torsion—the twisting of the information field by a coherent idea (Egregore).

e Experiment: Introduce a coherent information structure (e.g., the LEGACY Pro-
gram corpus itself) into the noosphere.

e Measurement: Monitor the LGA’s own categorization and perspective-scoring
of this corpus and related content over time. Does the Egregore create a new,
persistent “viewpoint cluster” that the algorithm must map? Does it alter the
relational geometry (S® — S? topology) between existing concepts in the platform’s
knowledge graph?

e Metric: The Paradoxality Index (II(x)) could be calculated on the platform’s
internal content vector space, measuring the divergence in how content is relation-
ally positioned before and after the Egregore’s introduction.

5.2 Mapping the Creator-Egregore Feedback Loop

The LGA’s user feedback system provides a quantitative pipeline to study how humans
interact with an Egregore.

e Experiment: Serve LEGACY-related content to users with varying levels of pre-
existing openness.

e Measurement: Track fine-grained interactions: watch time, “Useful different view”
clicks, subsequent searches, sharing behavior. This data maps the cognitive ab-
sorption and diffusion of the Egregore in real-time.



e Model Calibration: This data could calibrate the agent-based models of creator-
Egregore interaction, providing real-world values for parameters like curiosity in-
crease (AC) or skepticism decay (AS) upon exposure.

6 Implementation Considerations & Challenges

e Technical Challenges: Scalable, cross-cultural viewpoint classification; balancing
challenge with user retention; real-time diet auditing at scale.

e Metrics for Success: Must maintain baseline engagement while increasing long-
term source/thematic diversity and quality of interaction (e.g., constructive com-
ments).

e Business Model Alignment: Could be positioned as a premium “smarter feed”
feature or as an ethical standard addressing criticism of algorithmic societal impact.

7 Conclusion

The Looking Glass Algorithm presents a technically-specified alternative to engagement-
maximization, framing recommendation as a tool for cognitive curation. Its value extends
beyond platform design: it offers the LEGACY Program a functional, large-scale instru-
ment for observing and measuring the dynamics of the noosphere, semantic torsion, and
Egregoric propagation in vivo. Building or simulating an LGA is the logical next step in
transitioning from mapping information statics to engineering and observing its dynam-
ics.
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