Perspective on Large Language Models

Large Language Models (LLMs) can be understood as powerful pattern-recognition and
translation systems. They operate much like a parrot that can speak dozens of human
languages as well as mathematics and computer code, drawing from a vast memory of
internet text and instantly generating fluent responses. What makes them remarkable is
not true understanding, but their ability to predict the next most probable word or token
based on patterns they have seen.

At the foundation of these models are artificial neural networks. Two architectural features
determine their capacity. Width refers to the number of neurons in each layer, which
governs representational bandwidth—the amount of detail the network can process at
once. Depth refers to the number of layers, which enables abstraction and sequential
reasoning, since each layer builds on the prior one. The extraordinary performance of
modern LLMs comes from their depth, often extending to 80-120+ layers.

Yet scaling has limits. As more layers are added, the computational costs rise not linearly
but parabolically. Gains in accuracy or sophistication diminish relative to the required
resources. Today’s plateau in performance reflects this reality, driven by both the scarcity
of high-quality human-generated training data and the soaring costs of further scaling the
Transformer architecture.

Another limitation is structural. Unlike the human brain, where higher and lower regions are
densely interconnected, LLMs are more siloed. This inefficiency can lead to
underutilization of the network and issues such as “catastrophic forgetting,” where fine-
tuning on new data erases previously learned information.

These strengths and weaknesses explain why LLMs excel at tasks like translation,
summarization, and content generation, yet falter when novelty, deep reasoning, or
contextual judgment are required. Hallucination—confident but false output—follows
naturally from their lack of self-awareness, metacognition, and dynamic memory. Without
the capacity to evaluate their own answers, models default to what is statistically probable
rather than what is factually true.

Comparison with the human brain highlights these differences. Where the LLM has a fixed
database and limited short-term memory, the brain has a dynamic memory system
combined with a working memory that supports logical reasoning and creativity.
Consciousness, in this view, emerges from processes such as transitive inference, which is
something no LLM can perform.

The key insight is that LLMs are complements rather than replacements for human
cognition. They are best understood as amplifiers of productivity and judgment. They can
help professionals move faster, generate alternatives, and uncover patterns, but they
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cannot originate new conceptual frameworks or replace domain expertise. Responsible
use requires pairing their computational power with human oversight, context, and critical
thinking.

Professional Application

This perspective shapes work in data analysis, Al instruction, and product strategy. It
informs how LLMs are taught to non-technical audiences, how their strengths are applied
in building Al-driven products, and how their weaknesses are managed through human
oversight. It provides a framework for helping organizations use LLMs responsibly, meaning
augmenting human reasoning rather than attempting to replace it. In doing so, it connects
deep technical understanding with practical guidance that recruiters, employers, and
business leaders can rely on to integrate Al effectively into their operations.



