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Welcome to the Nasdaq Index Research AI Primer , updated in November 2025. This document 

covers key terms and concepts that are relevant to AI technology, split across 10 distinct 

sections covering everything from foundational mathematic s  and  hardware components , to AI -

specific techniques, processes, properties, and application s . 
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Foundational Mathematics and Theory  

Linear Algebra  

Linear algebra is a fundamental mathematical framework used to perform a wide range of 

computations essential for machine learning  and data analysis. Linear algebra deals with vectors,  

matrices, and linear transformations, which are used in representing and manipulating data in high -

dimensional spaces. In AI, linear algebra is employed in various algorithms, such as neural networks , 

where weights and biases are represented as matrices and vectors. Operations like matrix 

multiplication and vector normalization are commonly used to train models, optimize algorithms, and 

make predictions. Linear algebra enables the efficient handling o f large datasets and the 

implementation of complex transformations that underpin many AI techniques, making it a crucial 

tool in the field.  

Probability  

Probability theory provides a mathematical framework for quantifying the likelihood of different 

outcomes, which is essential for tasks such as classification, prediction, and decision - making. 

Probability plays a central role in modeling uncertainty and making informed decisions based on 

data. Probability is used in various algorithms, including Bayesian networks, Markov models, and 

probabilistic graphical models, to represent and reason about uncertain data. It enables th e 

development of robust machine learning  models that can handle noisy or incomplete data by 

assigning probabilities to different hypotheses or outcomes. Additionally, probability is fundamental 

in techniques like Monte Carlo simulations, which are used for sampling and estimating complex 

distrib utions. Overall, probability allows AI systems to make predictions, assess risks, and optimize 

decisions in the face of uncertainty, enhancing the reliability and effectiveness of data - driven 

applications.  

Logic  

Logic is a foundational element in the development and application of artificial intelligence (AI). 

Logic refers to the systematic methods and principles used to reason, make decisions, and solve 

problems . It includes both classical logic, with its formal rules of inference and truth, and non -

classical logics, such as fuzzy logic and modal logic, which are used to handle uncertainties and 

complex reasoning scenarios. Logic enables AI systems to process inf ormation, draw conclusions, 

and make predictions based on data. It is integral to algorithms that power machine learn ing  

models, natural language processing , and automated decision - making systems. By incorporating 

logical frameworks, AI can simulate human - like reasoning, enabling it to perform tasks that require 

understanding, interpretation, and rational thinking.  

Optimization  

Optimization refers to the process of fine - tuning  algorithms and models to achieve the best possible 

performance given specific criteria. This involves adjusting parameters, selecting features, and 

choosing the right models to maximize efficiency, accuracy, and generalization capabilities. 

Optimization t echniques are used in training machine learning  models, where the goal is to minimize 

errors and enhance predictive power. Methods such as gradient descent , genetic algorithms, and 

simulated annealing are commonly used to navigate the complex landscapes of hyperparameters  

and model architectures. Effective optimization ensures that AI systems can handle real - world data 
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more robustly, leading to better decision - making, faster processing times, and more accurate 

outcomes. Ultimately, optimization is essential for deploying AI solutions that are both efficient and 

effective in various applications, from autonomous systems t o recommendation engines.  

Hardware Fundamentals  

Transistors  

Transistors function as the building blocks of semiconductors and modern computing architecture . 

By regulating electrical current flow, these devices enable the creation of sophisticated circuits that 

power processors and memory systems. Their miniaturization and efficiency improvements have 

yielded ever more powerful processors , especially  GPUs  such as those designed by Nvidia, that are 

capable of meeting machine learning's  intensive computational requirements. The integration of 

billions of transistors on individual chips facilitates the parallel processing capabilities needed for 

training AI models and executing complex tasks, making them indispensable to AI advancement.  

Circuits  

Circuits are composed of interconnected electronic components like transistors , resistors, and 

capacitors, and are designed to facilitate the processing and transmission of data.  In the realm of 

AI, circuits perform specific tasks such as data input, processing via algorithms, and outputting 

results. Advanced circuit designs, inclu ding those found in graphics processing units (GPUs)  and 

tensor processing units (TPUs), are optimized for parallel processing, which is integral in training 

complex machine learning  models and running intricate neural networks . The efficiency and speed 

of these circuits directly impact the performance and capabilities of AI systems, enabling them to 

handle vast amounts of data and execute sophisticated computations in real - time.  

Electrons  

Electrons play a critical role in the functioning of electronic devices, which are fundamental to the 

development and operation of artificial intelligence (AI) systems. In AI, the movement and 

manipulation of electrons within circuits  and semiconductors facilitate the processing of data, 

executing algorithms, and performing computations. Transistors , which control the flow of electrons, 

are the building blocks of microprocessors —the brains behind AI algorithms. The precise control 

and regulation of electron flow enables the complex calculations and data handling required for 

machine learning  models, neural networks , and other AI applications. Essentially, without the 

fundamental properties and behaviors of electrons , the advanced computational capabilities that 

drive AI would not be possible.  

Computer Architecture  

Computer architecture defin es  how hardware components are organized to perform computations 

and process data efficiently. Computer architecture involves the design of processors, memory 

hierarchies, and interconnections to meet the unique demands of machine learning  algorithms and 

neural networks . Specialized architectures, such as Graphics Processing Units (GPUs) , Tensor 

Processing Units (TPUs), and Field - Programmable Gate Arrays (FPGAs), optimize parallel 

processing, which is needed for training complex AI models and performing inference tasks rapidly. 

These architectures facilitate the high throughput and low latency required for AI applications, 

enabling the processing of massive datasets and intensive computational tasks. The evolu tion of 
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computer architecture continues to drive advancements in AI, allowing for more efficient, powerful, 

and scalable AI systems that can tackle increasingly complex problems.  

CPUs vs GPUs  

Central Processing Units (CPUs)  and Graphics Processing Units (GPUs)  serve distinct but 

complementary roles. CPUs  are general - purpose processors designed to handle a wide array of 

tasks efficiently, including data pre - processing, algorithm management, and running various 

applications. They excel in tasks that require sequential processing and are core components for  the 

overall operation of AI systems. On the other hand, GPUs  are specialized for parallel processing, 

making them highly effective for the matrix and tensor operations prevalent in machine learning  and 

deep learning . GPUs  can perform trillions of calculations simultaneously, drastically reducing the 

time required to train complex AI models. While CPUs  offer versatility and are crucial for managing 

AI workflows, GPUs  provide the raw computational power needed for intensive training and 

inference tasks in AI. Together, they form a robust ecosystem that drives the performance and 

capabilities of modern AI systems.  

CPUs  

Central Processing Units (CPUs) play a vital role in the context of artificial intelligence (AI), serving 

as the primary components responsible for executing instructions and performing computations. 

While CPUs are general - purpose processors designed to ha ndle a wide range of tasks, they 

continue to be optimized for AI workloads. In AI applications, CPUs are used for tasks such as pre -

processing data, managing algorithm workflows, and providing support for parallel computing 

frameworks. Although CPUs may no t match the specialized performance of GPUs  or TPUs for deep 

learning  tasks, they nonetheless play important roles within the overall ecosystem of AI, particularly 

in scenarios where flexibility and versatility are required. Advances in CPU architecture, such as the 

integration of AI - specific instructions and improved multi - threading capabilities, enhance their 

effectiveness in AI applications, making them increasingly  value - additive  for the development and 

deployment of intelligent systems.  

GPUs  

Graphics Processing Units (GPUs) have become indispensable in the context of artificial intelligence 

(AI), particularly for tasks involving machine learning  and deep learning . GPUs are designed to 

handle massive parallel processing, making them highly efficient for the matrix and tensor 

operations that are fundamental in training neural networks . In AI, GPUs accelerate the 

computation - intensive processes required for model training, allowing algorithms to learn from vast 

amounts of data much faster than traditional CPUs . This parallel processing capability enables GPUs 

to perform thousands of calculations simultaneously, significantly reducing the time needed to train 

complex AI models. As a result, GPUs have become a cornerstone technology in AI research and 

application , driving advancements in areas such as computer vision , natural language processing , 

and reinforcement learning.  



  
 
 
 
 

 NASDAQ.COM/INDEXES   6  

 

AI/ML Core Concepts  

Machine Learning  

Machine learning is a subset of artificial intelligence (AI) that focuses on developing algorithms and 

statistical models that “teach” computers to perform tasks without explicit programming. Machine 

learning involves training models on data so they can recognize patterns, make predictions, and 

take actions based on new, unseen data. This process typically involves feeding large datasets into 

algorithms that adjust their parameters to minimize errors and improve accuracy over time. Machine 

learning incorpor ates various techniques, including supervised learning , where models are trained 

on labeled data, and unsupervised learning , where models find patterns in unlabeled data. 

Applications of machine learning in AI range from image and speech recognition to natural language 

processing  and predictive analytics, making it a foundational technology for advancing intelligent 

systems and automating complex decision - making processes.  

Transformers  

Transformers are a type of neural network  architecture that has revolutionized the field of natural 

language processing (NLP)  in artificial intelligence (AI). Introduced in 2017, transformers utilize self -

attention mechanisms  to weigh the importance of different words in a sentence, allowing them to 

capture long - range dependencies and contextual relationships more effectively than previous 

models. Their role in AI is to enhance the understanding and generation of human languag e by 

providing a robust framework for tasks such as machine translation, text summarization, and 

question - answering. Transformers have enabled significant advancements in NLP by achieving 

state - of- the - art performance on various benchmark datasets and facil itating the development of 

powerful language models like BERT and GPT. Their ability to process input sequences in parallel 

and handle large amounts of data makes them highly scalable and efficient, solidifying their place as 

another  foundational technolog y in modern AI applications.  

Agents  

Agents are artificial intelligence systems that can perceive their environment, process information, 

and take actions autonomously to achieve specific goals. Unlike more one - dimensional AI models 

that require explicit instructions for every task, AI agents operate independently by combining large 

language models (LLMs) with decision - making capabilities, memory, and access to external tools. 

They can understand inputs, reason through problems, make decisions, and execute actions without 

constant human oversi ght. These agents can range from simple reactive systems (like chatbots) to 

sophisticated autonomous agents that can plan multi - step tasks, learn from experience, and adapt 

to new situations. At their core, AI agents simulate human - like decision - making pro cesses by 

continuously perceiving their environment, reasoning about the best course of action, taking 

appropriate steps, and learning from the outcomes to improve future performance.  

Reinforcement learning  

Reinforcement learning (RL) is a type of machine learning  where in an agent learns to make decisions 

by interacting with an environment to maximize a cumulative reward. RL plays a critical role in 

training agents  to perform complex tasks through trial and error. RL allows agents  to learn from their 

experiences. It has been successfully applied in various domains, including robotics, game playing, 

and autonomous systems, where the ability to adapt and learn from interactions is nonnegotiable . 
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Reinforcement Learning’s role in AI is to enable the development of intelligent systems that can 

navigate dynamic and uncertain environments, making decisions that lead to optimal outcomes over 

time.  

 

Training and Deployment Techniques  

Pretraining  

Pretraining is a technique where by  a model is initially trained on a large, generic dataset before 

being fine - tuned on a specific task. This process allows the model to learn general patterns and 

representations that can be leveraged for a wide range of applications. Pretraining plays a cr ucial 

role in improving the performance and efficiency of machine learning  models, particularly in natural 

language processing (NLP)  and computer vision . By starting with a pretrained model, developers 

can significantly reduce the amount of task - specific data required and accelerate the training 

process. Pretrained models, such as BERT for NLP  and ResNet for computer vision , have become 

foundational tools in AI, enabling the creation of more accurate and versatile applications with less 

effort and resources.  

Post - training  

Post - training refers to the processes and techniques applied to a machine learning  model after it 

has been initially trained. This can include fine - tuning  the model on a specific dataset, quantifying 

its performance, or optimizing it for deployment. Post - training ensures that models are robust, 

efficient, and ready for real - world applications. Common post - training tasks include pruning  

(removing unnecessary parameters), quantization  (reducing the precision of the model’s weights to 

save memory and increase speed), and ensembling  (combining multiple models to improve 

performance. These steps help refine the model, making it more accurate, faster, and less resource -

intensive Post - training ensures that the model not only meets the desired accuracy , but also 

operates ef fectively within the constraints of the deployment platform.  

Distillation  

Distillation refers to the process of transferring knowledge from a large, complex model (often called 

the "teacher") to a smaller, more efficient model (the "student"). This technique aims to create a 

compact model that retains much of the performance of the original, larger model. In AI, distillation 

plays a vital role in making advanced machine learning  models more adaptable and accessible, 

especially in environments with limited computational resources. By distilling the knowledge, 

developers can achieve a balance between model accuracy and efficiency, enabling the 

deployment of powerful AI capabilities on to smaller devices with processing and storage  limitations , 

such as smartphones. Distillation helps in reducing the model size and inference time while 

maintaining high performance, making it an essential tool for scaling AI applications across various 

platforms.  

Distributed training  

Distributed training refers to  the training of machine learning  models across multiple computing 

resources, which  allows for the parallel processing of data and model updates, significantly 
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reducing the time required to train complex models on large datasets. Distributed training plays a 

vital role in handling the increasing demand for more powerful and accurate models, especially in 

applications like deep learning . By distributing the workload, it becomes possible to train models 

faster and with greater reliability, enabling the development of more sophisticated AI systems. 

Distributed training is essential for tackling big data challenges and ensuring that AI mode ls can 

keep pace with the rapid growth of information and computational requirements.  

Optimizers  

Optimizers are algorithms that  adjust the parameters of machine learning  models during the training 

process to achieve the best performance. Their role is to minimize the loss function , which 

measures the difference between the model's predictions and the actual outcomes. Common 

optimizers include gradient descent , Adam, and RMSprop, each with its own approach to updating 

model parameters. Optimizers play a critical role in enhancing the efficiency and effectiveness of 

training, helping models converge faster and reach optimal solutions. By carefully tuning learnin g 

rates and other hyperparameters , optimizers ensure that AI models can generalize well to new data, 

making them essential for developing robust and high - performing machine learning  systems.  

Quantization  

Quantization’s role is to make machine learning  models more efficient, so they can run smoothly on 

devices with limited power, like smartphones or small sensors. Quantization  is akin to  turning a 

smooth, high - resolution picture into a simpler, pixelated version. In artificial intelligence (AI), it 

involves reducing the precision of a model’s numbers to make it smaller and faster. It is what 

ultimately enables the expansion of AI capabilities into more devices for practical, accessible 

everyday use.  

 

Operational Processes  

Tokenization  

Tokenization is a fundamental process in natural language processing (NLP) , a subfield of artificial 

intelligence (AI), where in text is divided into smaller units called tokens. These tokens can be words, 

phrases, or even characters, depending on the specific requirements of the task. In AI, tokenization 

is a preprocessing method for text data and allows algorithms to process and analyze text more 

effectively. By converting raw text into a sequence of tokens, tokenization enables tasks such as 

sentiment analysis, machine translation, and text generation. Additionally, tokenization can tackle 

issues like out - of- vocabulary words an d provides a standard format for text data, making it easier to 

apply consistent pre - trained  models. Overall, tokenization is a vital step in the pipeline of NLP  

applications, ensuring that text data is ready for further analysis and modeling.  

Inference  

Inference describes how  a trained machine learning  model make s  predictions or decisions based on 

new, unseen data. Essentially, it’s the application phase where in the model, having learned from its 

training data, is put to work to solve real - world problems.  
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During inference, the model takes input data, processes it through its learned parameters, and 

outputs a prediction or decision. This could be anything from recognizing objects in an image  to 

recommending products to a user. Inference (or reasoning) is a critical step in the evolution of AI 

models in to more economically useful tools with  practical applications, as it demonstrates the 

model’s ability to generalize from its training to perform useful tasks in the real world.  Since late 

2024, there has been a  tremendous shift in the allocation of AI comput ational  resources from 

upfront training to ongoing inference compute.  

Prompting  

Prompting refers to the technique of providing specific instructions or inputs to a model, particularly 

language models, to guide its responses or outputs. Essentially, prompts can act not only as brute 

questions in search of an answer, but can also provide context to the model on what kind of answer 

or behavior is expected. This can range from simple commands to more complex queries or 

scenarios described in natural language. By crafting effective prompts, users can control the 

model’s output more precisel y, making it a powerful tool for a wide range of applications, from 

customer service automation to content creation. The art of prompting lies in understanding how to 

phrase requests in a way that leads the model to produce the desired outcome, highlightin g the 

importance of human - AI interaction in achieving successful AI - driven solutions.  

 

Fundamental AI Concepts  

Neural Networks  

Neural networks are a set of algorithms loosely modeled on the human brain, designed to recognize 

patterns by interpreting sensory data through machine perception. They consist of interconnected 

nodes (neurons) organized in layers, where each node combines input data with adjustable weights 

that determine the sign ificance of features for classification or clustering tasks. The networks 

process numerical data contained in vectors, transforming all real - world data (images, sound, text, 

time series) into these numerical representations. Each layer's output becomes the  subsequent 

layer's input, with nodes "activating" when they encounter sufficient stimuli, allowing the network to 

learn complex relationships between inputs and outputs through a process of adjusting weights 

based on training data.  

Deep Learning  

Deep learning refers to "stacked neural networks " composed of multiple hidden layers (more than 

three layers total qualifies as "deep"), distinguished from traditional single - hidden - layer networks by 

their depth and complexity. These networks excel at processing large, high - dimensional datasets 

with bil lions of parameters, and are capable of discovering latent structures within unlabeled, 

unstructured data like images, text, video, and audio. Deep learning networks use feature hierarchy, 

where each successive layer learns increasingly complex and abstract features by aggregating and  

recombining features from previous layers, enabling them to handle sophisticated cognitive tasks 

that often match or exceed human performance in areas like image recognition, natural language 

processing , and pattern recognition.  
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Supervised/Unsupervised/Semi - supervised Learning  

Supervised learning refers to the use  of labeled datasets to help algorithms learn to map inputs to 

known outputs by training on examples with correct answers, enabling classification and regression 

tasks but requiring costly and time - consuming human annotation. Unsupervised learning works with 

unlabeled data to discover  hidden patterns, similarities, and structures without human supervision . 

It is primarily used for clustering, dimensionality reduction, and association analysis, though it 

provides less acc urate results and has limited applications. Semi - supervised learning bridges both 

approaches by combining small amounts of labeled data with large volumes of unlabeled data, using 

techniques like self - training and co - training to iteratively improve model p erformance while reducing 

annotation costs and training time, making it particularly valuable when labeled data is scarce or 

expensive to obtain.  

Transfer Learning  

Transfer learning is a machine learning  technique where by  a model trained on one task is 

repurposed as the foundation for a different but related task, allowing the leveraging of knowledge 

gained from previous learning to improve performance on new tasks. This approach is particularly 

beneficial when the target task has limited data, as it utilizes pre - trained  models that have already 

learned general features and patterns from large datasets, significantly reducing training time, 

computational costs, and the risk of overfitting. Transfer learning involves identifying which layers of 

a pre - trained model to “freeze ” (retain original knowledge) versus “fine - tune ” (adapt to new task), 

with the decision based on the similarity and size of the target dataset, making it a versatile solution 

across domains from computer vision  to natural language processing . 

 

Technical Concepts  

Attention Mechanisms  

Attention mechanisms are AI techniques that enable neural networks  to selectively focus on specific 

parts of input data with varying degrees of importance, mimicking the human cognitive process of 

selective focus. This mechanism works by assigning weights to different elements in the input 

sequence, highlighting the most  relevant information for the task at hand while filtering out less 

important details. The process involves calculating attention scores between query vectors and 

key - value pairs, applying softmax  functions to generate probability - like attention weights, and 

creating weighted context vectors that represent the most relevant information. Attention 

mechanisms have revolutionized natural language processing  and computer vision  by solving the 

problem of long - sequence processing, enabling models like Transformers  to handle complex 

relationships and dependencies in data more effectively than traditional neural networks , 

particularly in tasks like machine translation, image captioning, and speech recognition.  

Embeddings  

Embeddings are dense vector representations that map discrete objects like words, images, or 

categorical data into continuous numerical spaces where semantically similar items are positioned 

closer together. These mathematical representations capture meani ngful relationships and patterns 

in the data by encoding features into fixed - width sequences that can range from tens to millions of 
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tokens in size. Token embeddings transform textual elements into numerical vectors that neural 

networks  can process, while maintaining semantic relationships where similar concepts cluster 

together in the vector space. Embeddings serve as a crucial bridge between human - interpretable 

data and machine learning  algorithms, enabling models to understand context, similarity, and 

relationships in data across various domains including natural language processing , 

recommendation systems, and computer vision  tasks.  

Backpropagation  

Backpropagation is a fundamental training algorithm for neural networks  that efficiently adjusts 

weights and biases by propagating error gradients backward through the network layers using the 

chain rule of calculus. The process consists of two phases: a forward pass where input data flows 

through the network to generate pred ictions, and a backward pass where the calculated error 

between predicted and actual outputs is propagated back through each layer to compute gradients. 

These gradients indicate how much each weight should be adjusted to minimize the loss function, 

enablin g the network to learn from its mistakes through iterative optimization  algorithms like 

gradient descent . Backpropagation automates the learning process, making it scalable to deep 

networks with multiple layers and complex architectures, though it faces challenges like “vanishing ” 

and “exploding ” gradients in very deep networks.  

Activation Functions  

Activation functions are mathematical functions applied to the output of neurons in neural networks  

that introduce non - linearity, enabling the network to learn complex patterns and relationships in 

data beyond simple linear transformations. These functions determine whether a neuron should be 

activated based on the weighted sum of its inputs, with popul ar examples including ReLU (Rectified 

Linear Unit), sigmoid, softmax, and tanh functions. The choice of activation function significantly 

impacts the network's ability to learn, with ReLU being widely used for its computational efficiency 

and ability to mi tigate vanishing gradient problems, while softmax is commonly used in output layers 

for multi - class classification tasks. Without activation functions, neural networks  would merely 

perform linear transformations regardless of depth . These  functions enabl e neural networks  to 

approximate complex, non - linear functions and achieve their more powerful learning capabilities.  

Loss Functions  

Loss functions are mathematical measures that quantify the difference between a model's 

predicted outputs and the actual target values, serving as the objective that training algorithms 

seek to minimize during the learning process. These functions provide a single scalar value 

representing the model's performance, with different types suited for different tasks: Mean Squared 

Error (MSE) for regression problems, cross - entropy loss for classification tasks, and specialized 

losses for specific applications. Th e choice of loss function directly influences how the model learns 

and what patterns it prioritizes, as gradients computed from the loss function guide the weight 

updates during backpropagation . Loss functions enable automated learning by providing a 

quantitative measure of model performance that optimization  algorithms can use to systematically 

improve the network's predictions through iterative training processes.  
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Implementation Concepts  

Fine - tuning  

Fine - tuning is the process of adapting a pre - trained model for specific tasks or use cases by 

continuing training on a smaller, task - specific dataset while using the pre - trained model's weights 

as a starting point. Rather than training a new model from scr atch, fine - tuning leverages the broad 

knowledge and patterns already learned by foundation models (like large language models or 

computer vision  models), making it more efficient and cost - effective to achieve specialized 

performance. The process typically involves supervised learning  on domain - specific data, allowing 

the model to retain its general knowledge while adapting to particular tasks, such as adjusting a 

general language model for coding tasks or medical text analysis. Fine - tuning is a subset of transfer 

learning  that has become fundamental in modern AI development, enabling the customization of 

sophisticated models without the computational expense and time required for full model training.  

Hyperparameters  

Hyperparameters are configuration variables that data scientists set before the training process 

begins to control how a machine learning  model learns, as opposed to model parameters which are 

learned from the data during training. These include settings like learning rate (how quickly the 

model updates its weights), batch size (number of samples processed before updating parameters), 

numbe r of hidden layers and neurons, regularization  strength, and training epochs. Hyperparameter 

tuning is the experimental practice of systematically testing different combinations of these values 

to optimize model performance, using techniques like grid search, random search, or Bayesian 

optimization . The correct configuration of hyperparameters ensures  optimal model performance, as 

they directly influence the model's learning efficiency, accuracy, and ability to generalize to new 

data.  

Batch Processing  

Batch processing in AI refers to the practice of processing multiple data samples simultaneously 

rather than individually, where the batch size hyperparameter determines how many samples the 

model computes before updating its parameters. This approach impr oves computational efficiency 

by leveraging parallel processing capabilities of modern hardware ( GPUs ) and provides more stable 

gradient estimates during training compared to processing single samples. During training, the 

model processes a batch of inputs in the forward pass, calculates the average loss across all 

samples in the batch, and then performs backpropagation  to update weights based on this 

aggregated information. The choice of batch size represents a trade - off between computational 

efficiency, memory usage, and training stability, with larger batches providing more stable gradients 

but requiring more memory a nd potentially leading to less optimal convergence.  

 

Gradient Descent  

Gradient descent is a fundamental optimization  algorithm used to minimize the loss function of 

machine learning  models by iteratively adjusting model parameters in the direction of steepest 

descent of the loss landscape. The algorithm calculates the gradient (partial derivatives) of the loss 

function with respect to each parameter, indicating the direction and magn itude of change needed 
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to reduce the error, then updates the parameters by moving in the opposite direction of the 

gradient. The learning rate hyperparameter  controls the size of these steps, with higher rates 

enabling faster convergence but risking overshooting the optimal solution, while lower rates provide 

more stable but slower convergence. Gradient descent works in conjunction with backpropagation  

in neural networks , where backpropagation  computes the gradients and gradient descent  uses 

them to update the weights, making it the backbone of how neural networks  learn from data.  

Regularization  

Regularization is a set of techniques designed to prevent overfitting by adding constraints or 

penalties to the model during training, helping it generalize better to unseen data rather than 

memorizing the training dataset. Common regularization methods in clude L1 (Lasso) which adds a 

penalty proportional to the absolute value of parameters and can lead to sparse models, L2 (Ridge) 

which adds a penalty proportional to the square of parameters encouraging smaller weights, and 

dropout which randomly sets some  neurons to zero during training in neural networks . The 

regularization strength is controlled by hyperparameters  (like lambda λ) that determine the balance 

between fitting the training data well and maintaining model simplicity. Regularization is essential for 

building robust machine learning  models, particularly when dealing with limited training data or 

complex models with many parameters, as it helps achieve the optimal bias - variance trade - off for 

better real - world performance.  

 

Emergent Properties  

Alignment  

AI alignment is the field focused on ensuring that AI systems behave in accordance with human 

values, intentions, and goals, rather than pursuing objectives that could be harmful despite 

technically optimizing for their programmed targets. This involves tw o main challenges: outer 

alignment (correctly specifying what we want the AI to do) and inner alignment (ensuring the AI 

system robustly adopts and maintains these specifications during training and deployment). 

Alignment research encompasses developing te chniques like Constitutional AI, Reinforcement 

Learning  from Human Feedback (RLHF), and scalable oversight methods to make AI systems 

helpful, harmless, and honest. As AI systems become more capable and autonomous, alignment 

becomes increasingly critical to prevent specification gaming, reward hacking, and pot ential 

existential risks, with researchers working to solve the fundamental challenge of encoding complex 

human values into systems that may eventually surpass human intelligence.  

Interpretability/Explainability   

AI interpretability, also known as explainability, is the field dedicated to understanding and 

explaining how AI systems, particularly neural networks , make decisions and process information 

internally. Unlike traditional software where the logic  is explicitly programmed, modern AI systems 

are "grown" through training processes that result in billions of parameters forming complex, 

emergent computational mechanisms that are difficult to understand. Interpretability research 

involves developing too ls and techniques to peer inside these "black boxes," identifying specific 

circuits , features, and pathways that contribute to behaviors  or outputs, similar to creating a 
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detailed MRI for AI systems. This field  will ultimately empower researchers to detect potential 

deception, power - seeking behaviors, or other misaligned objectives that might emerge during 

training, while also helping build trust and enabling safe AI deployment in high - stakes applications 

where understanding model decision - making is essential.  

Scaling Laws  

Scaling laws in AI describe predictable mathematical relationships between key factors like model 

size (number of parameters), dataset size, computational resources, and model performance, 

allowing researchers to forecast how AI capabilities will improve w ith increased scale. T hese laws 

reveal that model performance follows power - law relationships with compute, data, and parameters, 

enabling systematic and empirically driven  AI research rather than trial - and - error approaches. 

Different scaling laws have eme rged, with some suggesting model size should be prioritized over 

dataset size for additional compute resources, while newer research indicates data and model size 

should be scaled proportionally. These laws have become fundamental to AI development strateg y, 

guiding resource allocation decisions and helping organizations predict the capabilities and costs of 

future AI systems, though they also reveal the somewhat inexorable nature of AI progress driven by 

computational scaling.  

Emergent Abilities  

Emergent abilities in large language models  refer to capabilities that appear suddenly and 

unpredictably as models reach critical scales, manifesting as qualitative leaps in performance rather 

than gradual improvements. These abilities, such as arithmetic reasoning, few - shot learning, code 

generati on, and complex question answering, are not explicitly trained for but emerge from the 

underlying patterns learned during language modeling at sufficient scale. The phenomenon is 

defined as abilities that are "not present in smaller models but are present in larger models," 

appearing as sharp, discontinuous transitions in capability when plotted against model scale, similar 

to phase transitions in physics. While scaling leads to predictable quantitative improvements in 

language modeling metrics, emergent ab ilities represent unexpected qualitative changes that arise 

from quantitative increases in scale, which is both exciting for AI capabilities and concerning for AI 

safety, as they make it difficult to predict what new behaviors might suddenly appear in future, more 

powerful models.  

Practical Applications  

Computer Vision  

Computer Vision is a field of artificial intelligence that enables machines to interpret, analyze, and 

understand visual information from the world, mimicking human visual perception through 

sophisticated algorithms and neural networks . This domain involves extracting meaningful 

information from digital images, videos, and other visual inputs using techniques like object 

detection, image classification, facial recognition, and scene understanding. Computer vision 

systems typically emplo y Convolutional Neural Networks  (CNNs) to process pixel data through 

hierarchical feature extraction, where lower layers detect basic features like edges and textures 

while deeper layers identify complex patterns and objects. Applications span across industries 

including autonomous vehi cles (for navigation and obstacle detection), healthcare (medical imaging 
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analysis), manufacturing (quality control and defect detection), and security systems (surveillance 

and biometric identification), making it one of the most impactful areas of AI development.  

Natural Language Processing  

Natural Language Processing (NLP) is the branch of artificial intelligence that focuses on enabling 

computers to understand, interpret, and generate human language in a meaningful and useful way. 

NLP combines computational linguistics with machine learning  and deep learning  to process and 

analyze large amounts of natural language data, tackling challenges like ambiguity, context 

dependency, and the vast complexity of human communication. Modern NLP systems utilize 

tokenization , transformer architectures and large language models  to perform tasks such as 

machine translation, sentiment analysis, text summarization, question answering, and dialogue 

generation. The field has evolved from rule - based systems to statistical models and now to neural 

approaches that can understand context , nuance, and even generate human - like text, giving rise to 

applications like virtual assistants, chatbots, automated content creation, and language translation 

services that have become integral to our digital interactions.  

Large Language Models  

Large Language Models (LLMs) are sophisticated artificial intelligence systems built on transformer 

architectures with billions of parameters, trained on massive text datasets to understand and 

generate human - like language. These foundation models, includi ng Open AI’s GPT - 5, Google's 

Gemini, and Anthropic's Claude, use deep learning and neural networks  with self - attention 

mechanisms to process context and relationships between words, enabling them to perform diverse 

tasks such as text generation, language translation, code writing, conversational AI, and content 

summarization. LLMs represent a major bre akthrough in AI by democratizing access to advanced 

natural language processing  capabilities, transforming  various  industries through applications like 

chatbots, virtual assistants, and automated content creation. While they offer remarkable versatility 

and human - like interaction capabilities, LLMs also present challenges including potential 

hallucinations, bias from training data, and significant computational requirements, making them 

both powerful tools and important considerations in the evolution of artificial intelligence.  

Multimodal Models  

Multimodal models are AI systems that can simultaneously process and integrate information from 

multiple data types or modalities —such as text, images, audio, and video —to create more 

comprehensive understanding and generate richer outputs than single - moda l approaches. These 

models employ specialized encoders for each modality (CNNs for images, transformers  for text, 

audio encoders for speech) that convert different data types into compatible representations, which 

are then combined through fusion techniques like attention mechanisms , concatenation, or cross -

modal learning. The integration allows these systems to perform complex tasks that require 

understanding relationships between different types of information, such as image captioning 

(combining computer vision  and NLP ), visual question answering, text - to- image generation, and 

video understanding. Multimodal approaches represent a significant advancement toward more 

human - like AI systems that can process the world's inherently multimodal nature, leading to 

applications in areas like autonomous systems, healthcare diagnostics, content creation, and 

enhanced human - computer interaction.  



  
 
 
 
 

 NASDAQ.COM/INDEXES   16 

 

Generative AI  

Generative AI refers to artificial intelligence systems designed to create new, original content —

including text, images, audio, video, and code —by learning patterns and structures from existing 

data and then producing novel outputs that resemble the traini ng material. Unlike traditional AI that 

analyzes or classifies existing data, generative models like GPT (for text), DALL - E and Stable 

Diffusion (for images), and various audio synthesis models can produce creative content that didn't 

exist before. These s ystems typically use advanced architectures like transformers , diffusion 

models, or generative adversarial networks (GANs) to understand the underlying distribution of data 

and sample from it to create new instances. Generative AI has revolutionized multiple industries by 

enabling automated content creation, persona lized recommendations, code generation, drug 

discovery, and creative applications in art, music, and writing, while also raising important questions 

about authenticity, copyright, and the potential for both beneficial and harmful uses of synthetic 

content.  
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