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House of Mirrors: Monotone Nonlinear Transtormations for Modeling and Quantifying
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INTRODUCTION & AIM RESULTS & DISCUSSION

Modern Al, psychometric, and social media systems often process Distribution Distortion Under Nonlinear Transformation
information through nonlinear transformations. Although order may be Before:  Normal: Before vs After Power Transform (n=1.0) Afters  MonmaliBeioms VS Afer PAWSR TRRRSMORT (F=3.0)
preserved, perception can become distorted, creating a “House of L | § | | | | e | L
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Mirrors” effect.
This research models perception as a nonlinear transformation. Y = h(X)
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* X:underlying truth

Fig. 3. Power transformation reshaping the original distribution..

. . . TRUTH X h(Xx) — PERCEPTION Y 1
* h: nonlinear perception function orvenint | | et | | e 0 1
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This creates a “House of Mirrors” effect:

* Higher transformation curvature produced stronger perceptual
distortion.

Fig. 1. Same ftruth, different perceptions.

Same underlying truth can

produce different perceived realities under nonlinear transformations. . Order was preserved, but information structure changed

significantly.

Aim of This Study Transformation Behavior
Power Transformation: n = 3.0 Log Transformation (scaled): a = 10.0 Logistic Transformation (centered): k = 10.0
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Develop a mathematical framework to quantify perceptual distortion using: los
* Truth Drift (TD) fosl
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M E T H O D Fig. 4. Effects of power, logarithmic, and logistic transformations.
Power — amplification Log — compression Logistic — polarization
SYNTHETIC DATA GENERATION Distribution Distortion
Three base distributions were simulated: KL across transformations CDI across transformations
n = 10,000 samples for cach experiment ® Distribution 20 Distribution
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KL Divergence Summary

L]
i Distibution | KL Divergence

Uniform 2.573
NONLINEAR TRANSFORMATIONS ( h(x)) ] Normal 2.781
1. Power Transformation h(x) = x" (n>1) 2. Root Transformation /A{x) =+/x 3. Log Transformation h(x) = log(l+ax) 4. Logistic Yranslcl;!matson
: Pt v L Bimodal 9.594
. - Table 1. Summary of KL Divergence Results.
i Higher KL divergence indicates stronger structural distortion.
Amplifies high values, Amplifies low values. Compresses h:gh values. Saturates ot :olh ends, CO N C LU S I O N
Transformed h(x) = <====- Identity (No Transformation)

* Nonlinear transformations introduced measurable distortion.
l « Bimodal systems showed the strongest information divergence.
« QOrder preservation does not quarantee informational neutrality.
Nonlinear transformations preserve order while reshaping
confidence, uncertainty, and perceived truth.

Distortion Metrics

Perceptual distortion was quantified using:
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