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Eight Years of Exponential Acceleration



2018: The Great Divergence

BERT reads to understand (Classification). GPT reads to write (Generation).
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Autoregressive Language Models
• Autoregressive Language Modeling is the task of predicting the next word

§  文字接龙 
§ Deep Learning is very _______.

• It is a probabilistic model to determine the probability of a sequence of 
words:
§ P(“powerful” | “Deep”, “Learning”, “is”, “very”) = 0.43
§ P(“limited” |“Deep”, “Learning”, “is”, “very”) = 0.01

• Compute conditional probability of an upcoming word 𝐱! 	:

powerful?   innovative?  complex?   limited?

𝑃(𝐱!|𝐱", 𝐱#, … , 𝐱!$")
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How do GPT Generate Multi-Word Outputs?
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Hong Kong TV Game: GPT Game (文字接龙)

https://www.youtube.com/watch?v=pwTKrvqZOMo
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GPT’s Engine: Decoder-Only Transformer
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Positional Embeddings: Tracks
word order without recurrence.

Masked Self-Attention: 
Prevents the model from seeing 
future tokens.

Layer Normalization: Stabilizes
training for deep networks.



Autoregressive Nature of GPT Models
• GPT models are autoregressive language models that predict the probability 

distribution of the next token 𝐱! based on preceding tokens (𝐱", 𝐱#, … , 𝐱!$"). 

• A decoding algorithm then selects the most likely next token from this distribution

§ 𝑃(𝐱!|𝐱", 𝐱#, … , 𝐱!$")
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Self-Supervised Learning (SSL): Next Token Prediction

• Self-supervised learning is central to GPT pre-training, allowing models to 
learn from large amounts of unlabeled text by predicting the next token in a 
sequence. 

• This method leverages every token as a training signal, offering scalability, 
improved generalization, and cost efficiency by reducing reliance on labeled
data. 

• For instance, given a sequence (𝐱", 𝐱#, … , 𝐱!$") of tokens, the model predicts 
the conditional probability of the next token 𝑃 𝐱!|𝐱", 𝐱#, … , 𝐱!$" , repeating 
this across billions of examples to build rich language representations.
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GPT Self-Supervised Pre-Training
• GPT pioneered Self-Supervised 

Learning (SSL) by pre-training on 
unlabeled data to predict the next 
word in sentences. 

• During training, the model learns to 
minimize the cross-entropy loss 
between its predicted token 
probabilities and the actual tokens in 
the training data. 

• This process enables GPT models to 
generate fluent and contextually 
appropriate text by iteratively sampling 
or selecting the most likely next token.

Transformer Decoder Block
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Transformer Decoder Block

Positional Encoding

…

AI improves daily life
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Token Probabilities
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Loss

Predicted 
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Actual
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GPT-1 (2018-06): The Proof of Concept
117 Million Parameters

Radford, et al, “Improving Language Understanding by Generative Pre-Training”, 2018.
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Key Validation: Generative pre-training works, but requires fine-tuning for specific tasks.

Self-supervised Pre-training

Objective:

Predict the 
Next word

https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf


GPT-1 Key Insight
GPT-1 validated that autoregressive transformers could generalize across tasks through 
fine-tuning. Yet, its dependence on task-specific adaptation revealed the need for more 
flexible, general-purpose models — spurring the innovations to come.
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GPT-1 Ablation Study
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GPT-1 showed that language modeling at scale can be an effective pretraining 
technique for downstream tasks like natural language inference (NLI).

<SOS>The man is in the doorway<SEP>The person is near the door<EXTRACT> entailment



GPT-2 (2019-02): Scaling Unlocks Emergence
1.5 Billion Parameters
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https://d4mucfpksywv.cloudfront.net/better-language-models/language-models.pdf 

Zero-Shot Learning

GPT-2 models demonstrate the ability to perform new tasks without specific fine-tuning, 
based only on task descriptions.

Capability emerged from larger dataset 
(WebText corpus) and larger model size (1.5B).

https://d4mucfpksywv.cloudfront.net/better-language-models/language-models.pdf


GPT-2 Architecture with Pre-Layer Normalization
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GPT-2 and later models use Pre-Layer Normalization, applying LayerNorm to inputs before each sub-
layer and residual connection.

Nx 
Decoder Blocks
with Post-Layer

Normalization

GPT-1 GPT-2 and 
later models

Nx 
Decoder Blocks
with Pre-Layer
Normalization



Key Insight of GTP-2
• GPT-2 solidified the decoder-only architecture and demonstrated the 

power of pre-training alone by scaling up on 40 GB of internet text. 
• It achieved versatility and strong zero-shot performance across diverse 

tasks WITHOUT task-specific fine-tuning.
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GPT-3 (2020): The In-Context Learning Revolution
175 Billion Parameters

The model learns the pattern from the context window alone. Weights 
remain static.
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Zero-shot, 
one-shot and 
few-shot, 
contrasted 
with 
traditional 
fine-tuning.
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2018-2020: The Scaling Laws
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GPT-3 Emergent Abilities Through Scale
GPT-3 demonstrated emergent abilities through scale—175B parameters and 570GB of 
data—enabling strong zero-shot, one-shot, and few-shot learning without task-specific 
fine-tuning. Zero-shot One-shot Few-shot
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Benchmark 42 Natural Language Understanding Tasks

Average of 
42 tasks
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https://arxiv.org/abs/2005.14165 

https://arxiv.org/abs/2005.14165


Eight Years of Exponential Acceleration
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GPT-3: The Unhelpful Genius
Pre-trained models have vast knowledge but lack focus, helpfulness, and understanding 
of human intent.

The Power
• Self-Supervised Training on massive 

datasets via next-token prediction

• General knowledge of grammar, facts, 
and reasoning

• Transfer learning capabilities

The Problem
• No Instruction-Following: Optimized 

for prediction, not helpful responses

• No Human Preference: Doesn't 
understand "good" or "helpful”

• Unfiltered Outputs: Reflects biases 
from training data

Key Takeaway: Raw pre-training creates capability but is misaligned with user 
goals—requiring post-training alignment.
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Post-Training Alignment
1. Supervised Fine-Tuning (SFT): Fine-tuning GPT-3 on high-quality human-written examples.
2. Reinforcement Learning from Human Feedback (RLHF)

2.1 Reward Modeling: Training a reward model using ranked human feedback on model outputs.
2.2 Proximal Policy Optimization (PPO): Refining outputs iteratively through reinforcement learning.

Self-Supervised
Learning

Supervised Fine-
Tuning (SFT)

Base
model

Instruction-following
Labeled data

Instruct
model

RLHF Aligned
model

Preference data
𝑥("), 𝑦$

("), 𝑦%
(")

Massive amount of raw 
unlabeled data

25Post-TrainingPre-Training



Supervised Fine-Tuning (SFT)
Teaching the Model to Follow Orders
SFT aligns the model to user intent by training it on high-quality examples of 
instructions and desired responses. It moves the model from 'next-token prediction' to 
'instruction following’.

Process: Supervised Fine-Tuning (SFT)

1. Curate Data: Create a dataset of high-quality [Prompt, Response] pairs, also known as 
Instruction-Following or Demonstration Data.

2. Fine-Tune: Update the pre-trained model's weights using a cross-entropy loss function 
to maximize the likelihood of generating the "correct" response for a given prompt.

The Goal: This is the first step in "Preference Alignment," teaching the model to 
output a human-preferred response.
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The First Hurdle: The Limits of Imitation
While effective, SFT has significant drawbacks that limit its scalability, performance, and nuance
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InstructGPT and GTP-3.5 (2022): The Pivot to Alignment

Result: A model that follows instructions, not just patterns.
28



The Standard: Reinforcement Learning
from Human Feedback (RLHF)
RLHF has been the industry standard 
for aligning models. However, the 
process is notoriously complex, 
unstable, and computationally 
expensive.

The value function must sync up
well during training because when
one moves too fast, the whole
system crashes.
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Step 2.1: Reward Modeling Step 2.2: PPOStep 1: SFT
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Key Insight of InstrucGPT: Alignment Over Scale
• InstructGPT demonstrated that human feedback could turn raw 

capability into aligned intelligence. This evolution transformed LLMs 
from research curiosities into practical tools — though challenges in bias 
and cost remained.
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ChatGPT (2022-11): Mainstreaming
The Usability Revolution 
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ChatGPT Interface
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ChatGPT Moment
• ChatGPT’s success came from product design, not architecture. It 

transformed a technical model into a ubiquitous creative and 
productivity tool — signaling the start of the consumer AI era.

• ChatGPT's "moment" redefined AI by prioritizing practical utility and 
alignment through RLHF, setting a new standard for conversational AI
and inspiring competitors like Google’s Bard and Anthropic’s Claude.
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GPT-4 (2023): The Multimodal Leap
The Multimodal Leap.
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GPT-4 Key Insights
• GPT-4 bridged the gap between text-only systems and real-world, 

perception-rich tasks.
• Text + Image processing: Enabled 

visual reasoning and captioning.

• Enhanced safety: 82% fewer 
disallowed responses compared 
to GPT-3.5.

• Longer context windows: Up to 
32K tokens (and later 128K in 
GPT-4 Turbo).
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GPT-4o (2024): Real-Time Omni Intelligence
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GPT-4o Key Insights
GPT-4o marked a 
turning point from 
static AI systems 
to interactive, sensory-
rich companions, 
blending perception, 
reasoning, and 
dialogue in real time.

https://www.youtube.com/watch?v=vgYi3Wr7v_g 

38

https://www.youtube.com/watch?v=vgYi3Wr7v_g


GPT-4o Math Tutoring Demo

https://www.youtube.com/watch?v=IvXZCocyU_M 
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https://www.youtube.com/watch?v=IvXZCocyU_M


GPT-o1 & o3: The Era of Deliberative Reasoning
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GPT-o1 and GPT-o3
• Unlike real-time models, these prioritize slow, multi-step thinking, o1 and o3 models are 

excelling in math, code, and scientific reasoning by simulating internal monologues and 
verifying intermediate steps.

• Key advances:
• Test-time compute scaling for complex problems
• Self-critique and error correction
• Specialized variants (e.g., o1-mini for coding)
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GPT-5 (2025-08): Unified Agentic Intelligence
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GPT-5: Unified Intelligence and Advanced Reasoning (2025)
• Released on August 7, 2025, GPT-5 represents the pinnacle of the GPT lineage 

— faster, smarter, and safer. It introduces an adaptive reasoning system that 
dynamically switches between fast, efficient responses and deep reasoning 
based on user intent.
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https://openai.com/gpt-5/


GPT Evolution Overview
• GPT-1 (2018): Introduced large-scale pre-trained language models using transformers.
• GPT-2 (2019): Scaled up, improving zero-shot learning and text coherence.
• GPT-3 (2020): Enabled in-context learning, excelling in few-shot tasks with 175B parameters.
• InstructGPT (2022): Enhanced instruction-following and safety using RLHF.
• GPT-3.5 (2022): Powered ChatGPT with improved chat optimization.
• ChatGPT (2022): Fine-tuned for conversational AI, excelling in fluency, coherence, and 

responsiveness.
• GPT-4 (2023): Added multimodal capabilities (text and images).
• GPT-4o (2024): Continues advancements, driving the latest ChatGPT updates.
• GPT-o1 and GPT-o3 (Late 2024 and Early 2025): Introduced advanced reasoning models that 

simulate step-by-step thinking to excel in complex tasks like math, coding, science, and visual 
perception.

• GPT-5 (2025):Unified multimodal model combining reasoning and general capabilities for expert-
level performance in coding, agentic tasks, and broad intelligence.
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The Broader LLM Landscape
• While the GPT series has been highly influential, a competitive ecosystem of 

powerful LLMs has emerged.

https://graffersid.com/what-are-llms-benefits-use-cases-top-models-in-2025/
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Popular GTP-like LLMs
• Google Gemini: Natively multimodal models (Ultra, Pro, Nano), deeply integrated into 

Google products.
• Anthropic Claude: High-performing models (e.g., Claude 3) with large context windows and 

Constitutional AI for safety.
• Meta LLaMA: Open-source foundation models widely used for research and custom fine-

tuning.
• xAI Grok: Real-time X (Twitter)-integrated model with a witty, “rebellious” tone.
• Alibaba Qwen: Strong bilingual (Chinese/English) model family with open-source and 

multimodal variants.
• Mistral AI: Efficient, high-performance models using Mixture of Experts (MoE), balancing 

cost and capability.
• Deepseek: Open-source models excelling in coding, math, and reasoning (e.g., DeepSeek-

Coder).
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DeepSeek Series
• DeepSeek Coder - November 2, 2023

• Open-source model for coding tasks

• DeepSeek LLM - November 29, 2023
• General-purpose models (7B, 67B parameters)

• DeepSeek-MoE - January 9, 2024
• Mixture of Experts architecture

• DeepSeek V3 - December 2024
• 671B parameters, 128K token context window

• DeepSeek R1 - January 20, 2025
• Advanced reasoning capabilities

• Specialized Models:
• DeepSeek-VL: Vision-language
• DeepSeek-Prover: Automated theorem proving
• Janus: Multimodal framework

https://medium.com/@lmpo/exploring-deepseek-version-3-a-technical-deep-dive-0b3d2c78b777 
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DeepSeek-R1 (2025)
• DeepSeek-R1 delivers clear reasoning by harnessing Mixture of Experts (MoE), Multi-Head Latent 

Attention (MLA), and Multi-Token Prediction (MTP), combined with efficient multi-stage reinforcement 
learning training using Group Relative Policy Optimization (GRPO), slashing operational costs by up to 
50 times compared to many leading closed-source models. 

• Additionally, its open-source nature democratizes access to cutting-edge AI, empowering innovators 
across industries and underscoring the importance of scalability, alignment, and accessibility in shaping 
the future of AI.
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A Brief History of LLMs
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https://medium.com/@lmpo/a-brief-history-of-lmms-from-transformers-2017-to-deepseek-r1-2025-dae75dd3f59a 
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A Decade of Transformation

We have moved from using 
passive tools to working 

alongside active collaborators.
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