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WEEK 10: INTRODUCTION TO LARGE LANGUAGE MODELS

Evolution of Language Models

Language models have undergone a significant transformation over the past few decades, driven by advance-
ments in computational power, algorithmic innovations, and the availability of large-scale text corpora. The
earliest language models were based on n-gram models, which relied on the statistical properties of word
sequences. These models estimated the probability of a word given the previous n — 1 words, where n is a

fixed integer. The probability of a sequence of words wy,ws, ..., w, under an n-gram model is computed as:
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N-gram models were simple and computationally efficient but struggled to capture long-range dependencies
and suffered from data sparsity issues.

The next major advancement in language modeling came with the introduction of recurrent neural network
(RNN) based models. RNNs are a class of neural networks designed to process sequential data, making them
well-suited for modeling language. The key idea behind RNNs is to maintain a hidden state that encodes the
context of the previously seen words and use this hidden state to predict the next word in the sequence. The
hidden state h; at time step t is computed as:

hy = f(htflvmt)

where f is a non-linear function, such as a sigmoid or tanh, and x; is the input word at time step t. RNN-based
language models, such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks, were
able to capture longer-range dependencies and outperformed n-gram models on various language modeling
tasks.

The transformer architecture, introduced by Vaswani et al. in 2017, revolutionized the field of language
modeling. Transformers are based on the self-attention mechanism, which allows the model to attend to
different parts of the input sequence when making predictions. The self-attention mechanism computes a
weighted sum of the input representations, where the weights are determined by the compatibility between
the query vector and the key vectors. Mathematically, the self-attention mechanism can be expressed as:
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where @, K, and V are the query, key, and value matrices, respectively, and dy, is the dimension of the key
vectors. Transformers stack multiple self-attention layers, enabling them to capture complex dependencies
and learn rich representations of the input sequence.

The success of the transformer architecture led to the development of large-scale pre-trained language models,
such as BERT, GPT, and XLNet. These models are trained on massive amounts of unlabeled text data
using self-supervised learning objectives, such as masked language modeling and next sentence prediction.



Pre-trained language models have achieved state-of-the-art performance on a wide range of natural language
processing tasks, including sentiment analysis, named entity recognition, and question answering. The key to
their success lies in their ability to learn general-purpose language representations that can be fine-tuned for
specific tasks with relatively small amounts of labeled data.

Scaling Laws in Deep Learning

Scaling laws in deep learning refer to the empirical relationships between model performance, model size,
computational requirements, and dataset size. These laws provide insights into how increasing the scale of
these factors can lead to improved performance in deep learning models. The most prominent scaling law is
the power law, which suggests that the test loss of a model scales as a power law with respect to the model
size, computational budget, and dataset size. Mathematically, this can be expressed as:
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where o and 3 are positive constants that depend on the specific task and model architecture.

The model size trends in deep learning have been consistently moving towards larger models. This is driven
by the observation that increasing the number of parameters in a model can lead to better performance,
provided that sufficient computational resources and training data are available. For example, the GPT
(Generative Pre-trained Transformer) series of language models has seen a significant increase in model size,
from GPT-1 with 117 million parameters to GPT-3 with 175 billion parameters. Similarly, in the domain of
computer vision, models like ResNet have grown from millions of parameters to billions of parameters in
recent years.

As model sizes continue to grow, the computational requirements for training and deploying these models
also increase. The compute requirements scale linearly with the number of model parameters, assuming a
fixed number of training iterations. However, in practice, larger models often require more training iterations
to converge, leading to a superlinear scaling of computational requirements. This has led to the development
of specialized hardware, such as TPUs (Tensor Processing Units) and GPUs (Graphics Processing Units)
with high memory bandwidth and parallel processing capabilities, to efficiently train and deploy large-scale
deep learning models.

Data scaling is another crucial aspect of scaling laws in deep learning. The performance of deep learning
models heavily depends on the quantity and quality of training data. Empirical evidence suggests that the
performance of models improves as the dataset size increases, following a power law relationship. However,
the returns diminish as the dataset size becomes very large. The relationship between dataset size and model
performance can be expressed as:
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where v is a positive constant that depends on the task and model architecture. This scaling law highlights
the importance of curating large, diverse, and high-quality datasets for training deep learning models.

The interplay between model size, computational requirements, and dataset size has significant implications
for the development and deployment of deep learning models. Researchers and practitioners must carefully
balance these factors to achieve the desired performance while considering the available computational
resources and data. Understanding and leveraging scaling laws can guide decisions on model architecture
design, resource allocation, and data collection strategies to optimize the performance of deep learning models
in various domains.



Architecture Developments in Large Language Models

The field of natural language processing has witnessed significant advancements in recent years, particularly
with the development of large language models. These models, such as the GPT series and PaLM, have
demonstrated remarkable capabilities in understanding and generating human-like text. The evolution of these
architectures has been driven by the increasing availability of computational resources and the development
of novel training techniques.

The GPT (Generative Pre-trained Transformer) series, introduced by OpenAl, has undergone several iterations,
each building upon the previous version. The original GPT model, released in 2018, was trained on a large
corpus of text data using unsupervised learning. It utilized the transformer architecture, which allowed for
efficient parallel processing of input sequences. GPT-2, released in 2019, expanded the model size to 1.5
billion parameters and demonstrated improved performance on various language tasks. The latest iteration,
GPT-3, released in 2020, further increased the model size to 175 billion parameters, making it one of the
largest language models to date. The increased capacity of GPT-3 has enabled it to perform remarkably well
on a wide range of tasks, including text generation, question answering, and even code generation, without
the need for task-specific fine-tuning.

Another notable architecture in the realm of large language models is PaLM (Pathways Language Model),
developed by Google. PaLLM is a dense left-to-right decoder-only transformer model that utilizes a novel
training approach called Pathways. The Pathways approach aims to train a single model to perform multiple
tasks across different modalities, such as text, images, and speech. PaLM has demonstrated state-of-the-art
performance on various benchmarks, including natural language inference, reading comprehension, and
language translation. The model’s architecture is designed to scale efficiently to billions of parameters while
maintaining computational efficiency. PaLM’s success can be attributed to its ability to leverage the shared
knowledge across different tasks and modalities, enabling it to generalize well to new tasks with minimal
fine-tuning.

The development of these large language models has led to the emergence of new capabilities that were
previously thought to be challenging for Al systems. One such capability is few-shot learning, where the
model can perform a task with only a few examples or prompts. GPT-3, for instance, has shown remarkable
few-shot learning abilities, where it can generate coherent and contextually relevant text based on a small
number of input examples. This capability has significant implications for various applications, such as
content generation, dialogue systems, and even code completion. Another emergent capability is zero-shot
learning, where the model can perform a task without any task-specific training data. PaLM has demonstrated
impressive zero-shot learning performance on tasks such as language translation and question answering,
highlighting its ability to transfer knowledge across different domains.

The architectural advancements in large language models have also led to the emergence of new challenges and
considerations. One major challenge is the computational resources required to train and deploy these models.
The increasing size of the models necessitates the use of specialized hardware, such as GPUs and TPUs,
and requires significant energy consumption. This has raised concerns about the environmental impact and
the accessibility of these models to researchers and practitioners with limited resources. Another challenge
is the potential for bias and fairness issues in the generated text. As these models are trained on large
corpora of text data, they may inadvertently capture and amplify societal biases present in the training data.
Researchers are actively exploring techniques to mitigate these biases and ensure the responsible development
and deployment of large language models.

Pre-training and Foundation Models

Pre-training has emerged as a crucial technique in the development of foundation models for natural language
processing tasks. The primary objective of pre-training is to learn general-purpose representations from vast
amounts of unlabeled text data, which can then be fine-tuned for specific downstream tasks. Several training
objectives have been proposed to capture different aspects of language understanding. Next token prediction
aims to predict the next word in a sequence given the previous context, enabling the model to learn local
dependencies and syntactic patterns. Masked language modeling, popularized by the BERT architecture,
randomly masks a portion of the input tokens and trains the model to predict the original tokens based on



the surrounding context. This objective encourages the model to learn bidirectional representations and
capture long-range dependencies. Causal language modeling, used in models like GPT, focuses on predicting
the next token based on the previous tokens, allowing the model to generate coherent and fluent text.

The success of foundation models heavily relies on the quality and scale of the pre-training data. Web-
scale datasets, such as the Common Crawl corpus, provide a diverse and extensive source of text data for
pre-training. However, the raw data collected from the web often contains noise, irrelevant content, and
biases. To mitigate these issues, data quality control and filtering strategies are employed. Techniques such
as deduplication, language identification, and content filtering help remove low-quality and irrelevant data,
ensuring that the pre-training process focuses on meaningful and representative text. Additionally, data
balancing and diversification techniques can be applied to ensure that the pre-training data covers a wide
range of domains, genres, and linguistic phenomena.

Pre-training foundation models on web-scale datasets poses significant computational challenges. The sheer
size of the datasets and the complexity of the models require efficient and scalable training approaches.
Distributed training frameworks, such as data parallelism and model parallelism, are employed to distribute
the workload across multiple GPUs or even multiple machines. Data parallelism involves replicating the model
across multiple devices and processing different subsets of the data in parallel, while model parallelism splits
the model itself across devices to handle larger model architectures. Techniques like gradient accumulation
and mixed-precision training are also used to optimize memory usage and accelerate the training process.

Memory optimization is crucial when training foundation models due to their large size and the need to
process long sequences of text. Techniques such as gradient checkpointing, where intermediate activations
are discarded and recomputed during backpropagation, help reduce memory consumption. Additionally,
memory-efficient attention mechanisms, such as sparse attention or local attention, can be employed to reduce
the quadratic memory complexity of self-attention in transformer-based models. These optimizations enable
the training of larger models with increased capacity while managing memory constraints.

Ensuring training stability is another important consideration in pre-training foundation models. The
optimization process can be sensitive to hyperparameter choices, such as learning rate, batch size, and weight
initialization. Techniques like learning rate scheduling, gradient clipping, and weight decay help stabilize
the training process and prevent divergence or overfitting. Additionally, regularization techniques, such
as dropout and layer normalization, are commonly used to improve generalization and reduce overfitting.
Monitoring training metrics, such as loss curves and validation performance, is essential to detect and address
any instabilities or anomalies during the pre-training process. By carefully tuning hyperparameters and
employing appropriate regularization techniques, stable and robust foundation models can be obtained.

Understanding LLM Behavior

Large Language Models (LLMs) have demonstrated remarkable capabilities in natural language processing
tasks, such as in-context learning, few-shot learning, and zero-shot generalization. In-context learning refers
to the ability of LLMs to learn from the context provided within the input text, without requiring explicit
training on the specific task. This enables LLMs to perform well on tasks that are similar to those encountered
during training, even if they have not been explicitly fine-tuned for those tasks. Few-shot learning, on the
other hand, involves providing the model with a small number of examples of the desired task, allowing it to
quickly adapt and generate appropriate responses based on the given examples. Zero-shot generalization
takes this a step further, enabling LLMs to perform tasks without any task-specific examples, solely based on
the inherent knowledge acquired during pre-training.

The internal mechanics of LLMs play a crucial role in their ability to process and generate human-like text.
Attention mechanisms are a fundamental component of transformer-based LLMs, allowing the model to
focus on relevant parts of the input sequence when generating each output token. The attention patterns
captured by the model provide insights into how it attends to different positions in the input, enabling it
to capture long-range dependencies and maintain coherence in the generated text. Additionally, the way in
which knowledge is stored and represented within the model’s parameters is a key factor in its performance.
LLMs are trained on vast amounts of text data, allowing them to acquire a broad range of knowledge across



various domains. This knowledge is encoded in the model’s weights and can be accessed and utilized during
inference to generate contextually relevant responses.

However, despite their impressive capabilities, LLMs are not without limitations. One significant challenge is
the presence of hallucinations, where the model generates text that is plausible but factually incorrect or
inconsistent with the input. This can occur when the model relies too heavily on its learned patterns and
generates content that seems coherent but lacks grounding in reality. Another limitation is the presence
of reasoning gaps, where the model struggles to perform complex reasoning tasks or fails to capture the
underlying logic and causality in the input text. While LLMs can generate fluent and coherent responses,
their ability to engage in deep reasoning and draw accurate conclusions is still an area of active research.

Bias is another important consideration when working with LLMs. The models are trained on large corpora
of text data, which can inadvertently capture and amplify societal biases present in the training data.
This can lead to the generation of biased or discriminatory content, perpetuating harmful stereotypes or
underrepresenting certain groups. Addressing bias in LLMs requires careful data curation, model design, and
evaluation to ensure fairness and inclusivity in the generated outputs.

The behavior of LLMs can be formally described using mathematical notations and equations. For example,
the attention mechanism in transformer-based LLMs can be represented as:

. QKT
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where @, K, and V denote the query, key, and value matrices, respectively, and dj, is the dimension of the
key vectors. This equation captures how the model computes the attention weights based on the similarity
between the query and key vectors, and then uses those weights to aggregate the value vectors. Similarly, the
process of generating output tokens can be formulated as:

P(x¢|z<t) = softmax(W,hs + b,)

where z; is the output token at time step t, x; represents the input sequence up to time step t, h; is the
hidden state of the model at time step ¢, and W, and b, are learnable parameters. This equation describes
how the model predicts the probability distribution over the vocabulary at each time step based on the
current hidden state and learned parameters.
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