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Preface

Large language models and modern Al is often presented as technology that needs deep neural networks (DNNs)
with billions of Blackbox parameters, expensive and time consuming training, along with GPU farms, yet prone
to hallucinations. This book presents alternatives that rely on explainable Al, featuring new algorithms based
on radically different technology with trustworthy, auditable, fast, accurate, secure, replicable Enterprise Al.
Most of the material is proprietary and made from scratch, showcasing the culmination of decades of research
away from standard models to establish a new framework in machine learning and Al technology.

I discuss an efficient DNN architecture based on a new type of universal functions in chapter 4, with DNN
distillation and protection via watermarking in chapter 5. Then, in chapter 6, I discuss non-DNN alternatives
that yield exact interpolation on the training set yet benefit from benign overfitting in any dimension. Accurate
predictions are obtained with a simple closed-form expression, without gradient descent or other iterative
optimization technique, essentially without training.

Case studies include 96% correct predictions for the next token on a Nvidia PDF repository, automated heart
beat clustering and unusually high data compression rates (big data), anomaly detection and fraud litigation
linked to large-scale cybersecurity breach (large Excel repository, automated SQL, time series and geospatial
data) as well as predicting next sequence on real-world genome data with home-made LLM technology. Some
datasets with 1000 dimensions are generated with the best and fastest tabular data synthesizer on the market,
described in details in chapter 2 along with the best model evaluation metric. These cases correspond to different
agents linked to the xXLLM technology (extreme LLM) developed by the author.

I barely use Python libraries other than Numpy, staying away from TensorFlow, PyTorch or Keras. It gives
you full control over the code. Also, I avoid mathematical and probabilistic models when not beneficial, making
the content accessible to a larger audience not versed in statistical, probabilistic or mathematical jargon. While
classic books on the subject include an introduction to calculus, algebra, probability and matrix theory, here it
is replaced by outside-the-box problems with solutions. It includes quantum systems, quantum approximation,
non-causal signal processing, convolution, automated curve fitting without iterative algorithm, and deep dive
into one of the universal functions central to my DNN, a sister of the famous Riemann zeta function in number
theory.
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