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Abstract

The assessment of intelligence has long sought quantifiable measures. The classic formula for
the human intelligence quotient, textlQ=(textMentalAge/textChronologicalAge)times100,
provided a foundational, albeit debated, metric for human cognition. Inspired by this principle,
the "From Genius to Glitch" framework introduces a novel, Al-specific formula to quantify
cognitive performance degradation. This paper validates and significantly enhances this
framework, confirming that the decline of Al capability in extended contexts is a measurable,
predictable, and mathematically modelable phenomenon. Our analysis, substantiated by a
robust body of 2024-2025 research, integrates these findings to present a refined,
comprehensive model for Al cognitive assessment that is critical for the future of reliable
human-Al interaction.

The Cognitive Fidelity Score (CFS): A New IQ for Al

To move beyond metaphor, we propose the Cognitive Fidelity Score (CFS), a formula designed
to quantify Al performance under cognitive load. It replaces the simple human-centric IQ with a
multi-factor equation that captures the core stressors on an Al model:

CFS=(10 - (1-A+<C))+-e—(Lmax L )k-w

Where:

@ [1_0 (Baseline Intelligence): The model's optimal "IQ" score on a standardized task suite at
a minimal context length (<1K tokens).

C (Task Complexity): A normalized score (0 to 1) representing the cognitive load of the
specific task (e.g., simple retrieval vs. multi-step reasoning).

lambda (Complexity Sensitivity): A constant representing how susceptible a specific
model's architecture is to task complexity.

L (Current Context Length): The number of tokens currently in the conversational window.
L_textmax (Max Context Length): The model's theoretical maximum context window.

k (Degradation Exponent): A constant that controls the steepness of the performance



decay curve. A higher ksignifies a more rapid collapse as the context window fills.
@® omega (Positional Weighting Factor): A value that adjusts the score based on where
critical information lies in the context, directly modeling the "Lost in the Middle" effect.
This formula provides a dynamic score that plummets as context length (L) and complexity (C)

increase, capturing the journey from "Genius to Glitch."
Visualizing the Decline: From Peak Performance to Glitch State

As an Al engages in an extended dialogue, its context window saturates, leading to a
quantifiable drop in its CFS. This decline is not linear; it often accelerates as the model
approaches its operational limits.

Conceptual Al CFS Decline with Context Window Saturation

This conceptual curve is borne out by empirical data. The following table illustrates
representative cases of this phenomenon, mapping token count and complexity to a
corresponding drop on the CFS scale (calibrated to a 70-160 "IQ" range for familiarity).
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Empirical Validation: The Scientific Bedrock of Degradation

The "Genius to Glitch" hypothesis is no longer theoretical. A convergence of recent studies
provides a strong empirical backbone, demonstrating that performance decay is a consistent
and measurable trait of modern LLMs.

The most cited evidence is the “Lost in the Middle” phenomenon from Liu et al. (TACL 2024).
Their "needle-in-a-haystack" tests involved inserting a specific fact (the "needle") into a long
block of text (the "haystack") and asking the model to retrieve it. The results were stark:
models exhibited near-perfect recall (over 98%) when the fact was at the very beginning or end
of the context. However, retrieval accuracy plummeted to as low as 35-55% when the fact was
situated in the 40-60% middle range of the context window. This provides clear, quantitative
proof of position-dependent cognitive failure.

Further validation comes from the EMNLP 2024 study on “LLM Task Interference.” This
research moved beyond static context to examine dynamic conversations. It found that forcing
models to switch between disparate tasks (e.g., from creative poetry generation to complex
Python code debugging) within a single conversational history caused a measurable "cognitive
cost." This cost manifested as increased error rates, higher response latency, and a greater
likelihood of "bleeding" context from the previous task into the new one. This confirms that



extended, complex dialogues create a cumulative cognitive burden, directly aligning with the
paper's core premise.

Technical Mechanisms: The Architectural Roots of the Glitch

Understanding why degradation occurs is crucial for mitigating it. Our analysis confirms five
core technical mechanisms that are the root causes of the observable performance decline.
These are not high-level software bugs but fundamental properties of the transformer

architecture.

1.

Quadratic Attention Complexity (0(n2)): The foundational self-attention mechanism
requires every token to attend to every other token. This creates a computational matrix
that grows quadratically with the number of tokens (n). Processing a 2,000-token context
is not twice as hard as a 1,000-token one; it's four times as hard, leading to an
exponential increase in computation and a fundamental bottleneck on scalability.

“Lost in the Middle” Phenomenon: This empirical finding has a technical cause. The
original transformer architecture's positional embeddings, which give the model a sense
of sequence order, are inherently strongest for the start and end positions. For tokens in
the middle, this positional signal becomes "diffuse" or averaged out, making it harder for
the model to precisely locate and utilize mid-context information.

KV Cache Memory Bottlenecks: To avoid recomputing the entire context for each new
token, models store the attention mechanism's keys (K) and values (V) in a "KV cache."
This cache grows linearly with the sequence length. As we've identified, a 70B parameter
model like Llama-2 requires ~1.4GB of high-speed GPU memory per 1,000 tokens. This
means a 100k token context demands a staggering 140GB just for the cache, not
including the model weights. In a multi-user production environment, this memory cost
becomes astronomical, creating a hard economic and hardware ceiling on performance.
Context Degradation Syndrome: This is the holistic manifestation of the underlying
technical stressors. In practice, it appears as the Al "forgetting" its initial instructions,
losing track of user personas or facts established earlier in the conversation, or
introducing non-sequiturs and even hallucinated information that directly contradicts
prior statements.

Architectural Limitations: Beyond the major mechanisms, smaller architectural factors
contribute. These include attention head saturation, where certain attention heads start
to over-specialize in trivial patterns (like attending to punctuation or line breaks),
effectively reducing the model's active reasoning capacity as the context grows longer.

Refining the Quantitative Framework: Moving Beyond Analogy

While the original paper’s proposal of an IQ scale is a powerful analogy, its scientific
implementation requires significant refinement.



The Limitations of 1Q and the Rise of the ADeLe Framework

Directly applying human IQ tests to Al is fraught with scientific peril. Key issues include data
contamination (the test questions may exist in the training data), the "spiky" profile of Al
intelligence (superhuman on some tasks, sub-human on others), and the "norming" problem—
IQ tests are designed for average human populations, making scores above ~155 statistically
unreliable.

A more robust and diagnostically powerful path forward is offered by Microsoft Research’s
ADelLe (Annotated Demand Levels) framework. Achieving 88% accuracy in predicting Al
performance on novel tasks, ADeLe evaluates 18 distinct cognitive abilities, including
"Compositional Generalization," "Planning and Reasoning," and "Memory and Learning." Its
primary strength is its explanatory power. It doesn’t just report if a model failed a task, but
provides a hypothesis as to why it failed—for instance, distinguishing a failure of attention from
a failure of reasoning. This multi-dimensional approach provides the granular, scientific
cognitive mapping that the CFS aims to model.

Verified Claims

This analysis verifies several key statistics that provide a hard-data foundation for the paper:

@ v VERIFIED: 91% ML Model Degradation: A 2022 study in Scientific Reports by Vela et
al. confirms that "temporal model degradation"—performance decay after deployment
due to factors like data drift—was observed in 91% of cases. This reveals that models
suffer from both conversational (short-term) and temporal (long-term) cognitive decline.

@ v VERIFIED: Apple’'s Reasoning Collapse: Apple's 2025 research, “The Illlusion of
Thinking,” confirms that even advanced reasoning models experience a "complete
accuracy collapse" when facing problems beyond a certain complexity threshold. This
critical finding challenges the notion that simply scaling up model size will lead to
generalized reasoning, suggesting a qualitative ceiling, not just a quantitative one.

Conclusion and Enhanced Recommendations

The central hypothesis of "From Genius to Glitch"—that Al cognitive performance degrades
predictably under load—is unequivocally validated by a convergence of recent, high-impact
research. This phenomenon is not an occasional flaw but a quantifiable and inherent
characteristic of today's dominant Al architectures, rooted in specific, mathematically-defined
technical limitations.

The Cognitive Fidelity Score (CFS) provides a necessary evolution of the original IQ-scale
concept into a more rigorous, multi-factor formula. To fully realize this framework, we propose a
clear path forward:



1. Adopt Multi-Dimensional Assessment: The ultimate goal should be to produce a
"Cognitive Profile" for each Al. Instead of a single score, this would be a diagnostic
report, perhaps a radar chart, showing the model's strengths and weaknesses across the
18 cognitive dimensions defined by frameworks like ADeLe.

2. Integrate Advanced Benchmarks for Calibration: The CFS formula's constants must be
empirically derived. We propose a standardized testing protocol that uses L-Eval to
measure the degradation slope (the 'k' exponent), Chatbot Arena’s Elo ratings to
calibrate the baseline score ('I_0') for different models, and t-bench to assess
performance on complex, interactive tasks ('C').

3. Prioritize Root Cause Analysis: The enhanced framework must include diagnostic
outputs that link a performance drop to a specific technical mechanism. For instance, a
report stating: "CFS drop of 25 points on task X linked to high context length (150K
tokens). Primary drivers: high KV Cache pressure and severe 'Lost in the Middle' signal
degradation."

By formalizing the CFS, grounding it in the known technical mechanisms, and validating it
against robust, real-world benchmarks, we can transform "From Genius to Glitch" from a
powerful observation into an essential tool for building the next generation of safe, reliable, and

truly intelligent Al systems.



