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The Evolution of GPT
• Byte Pair Encoding 
• Generative Pretraining 
• Multi-task learning 
• Prompt Engineering 
• Reinforcement Learning from Human Feedback (RLHF)
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Main Issues in Neural Language Modeling
• Data 
• Tokenization 
• Compute 
• Benchmarking
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Data
• Rise of openly accessible data sets
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Wikipedia (~21GB) CommonCrawl (~380TB, 2022) 
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Tokenization
• Traditional NLP 

• word-based using a lexicon 
• stemming 

• Big data NLP 
• character n-grams (cf. fasttext) 
• Byte Pair Encoding (BPE)
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Byte Pair Encoding
• P. Gage, 1994: A new algorithm for data compression. The C Users Journal, 

Volume 12, Issue 2, 1994 
• Replace common pairs of bytes by single bytes 
• In-memory, multi-pass 

• Modern NLP 
• adjust for unicode 
• Sennrich, Haddow and Birch, 2015  

(https://arxiv.org/abs/1508.07909) 
• Note: Same tokenizers used for Whisper!
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https://arxiv.org/abs/1508.07909
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Compute

7Source: Nvidia

80GiB Memory for large 
context sizes!
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Benchmarking
• https://gluebenchmark.com/ 

• General Language Understanding Evaluation 
• CoLA: Linguistic Acceptability 
• SST-2: Sentiment 
• MRPC, QQP: semantic equivalence 
• STS-B: test similarity 
• MNLI, RTE: textual entailment 
• QNLI: is-answer? 
• WNLI: entailment after reference substitution
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https://gluebenchmark.com/
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Generative Pre-Trained Transformers
• Prior work focused on learning models for specific tasks (sentiment, 

entailment, etc.) – they didn’t generalize well! 
• Better: semi-supervised learning (and some tricks) 

1. Unsupervised Language Modelling (“pre-training”) 
2. Supervised fine-tuning 
3. Task-specific input transformations
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Radford et al., 2019: Improving Language Understanding by Generative Pre-training
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GPT: LM pre-training
• Train an auto-regressive transformer (decoder) language model 
• Using BPE, token & positional embedding 
• …on large (!) quantities of text!
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Radford et al., 2018: Improving language understanding by generative pre-training

ℒ1(T ) = ∑
i

log P(ti | ti−k, …, ti−1; θ)

sequence of tokens
context window size

parameters
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GPT: Supervised Fine-Tuning
• Assemble a dataset  with sequences  and according labels  
• (Super)GLUE gives us a rich set of tasks and datasets! 
• Add linear output layer to final transformer block

𝒞 x y
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Radford et al., 2018: Improving language understanding by generative pre-training

L2(𝒞) = ∑
(x,y)

log P(y |x1, …, xm; θ)

dataset

label of this sequence

token sequence

Optionally, for better performance and convergence: L3 = L2(𝒞) + λL1(𝒞)
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GPT: Task-specific input transformations
• For supervised training, we need to rearrange the input so that it works with our 

architecture 
• Start and end tokens for input sequences 
• Delimiter tokens in between parts of input 

• Textual entailment: introduce ‘$’ token in between premise and hypothesis 
• Similarity: provide pairs in both orders 
• QA/Reasoning: [document; question; $; answer ]
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GPT: Architecture at a Glance
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decoder blocks 
(no encoder)
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GPT: Some More Details
• Dataset: BooksCorpus  

(~7000 unpublished books) 
• BPE with 40,000 merges 
• Context token size (!= words): 512 
• 12 decoder blocks with  

12 attention heads (each)
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GPT (2018)

Data BooksCorpus (~5GB)

BPE 40,000

Parameters 117 Million

Decoder Layers 12

Context Token Size 512

Hidden Layer 768

Batch Size 64

nota bene: not words!
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Results from the original tech report
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2018: Hey, LSTMs still 
around! 🙃

6/2023: 91% 🥹
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GPT-2
• Basically like GPT, just bigger 

• Larger context, more parameters 
• More data: WebText (40GB human curated, by tracing reddit outbound) 
• Better BPE (prevent split across character categories), 50k 

• Paving the way to zero shot learning 
• Introduced task conditioning (ie. same input but different output depending 

on task) 
• Instead of separators, use natural language instructions
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Radford et al., 2019: Language Models are Unsupervised Multitask Learners

guten tag = good morning 
guten abend = < sample… >
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GPT-2: Zero Shot Learning
• Technically, no training or fine-tuning allowed 
• Model is “primed” with training data, e.g. 

• “guten tag = good morning” … 
• At last, sample from model to get answer, e.g. 

• “guten abend = …”
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GPT-2: some more details
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GPT (2018) GPT-2 (2019)

Data BooksCorpus (5GB) WebText (40GB)

BPE 40k 50k (tweaked)

Parameters 117 Million 1.5 Billion

Decoder Layers 12 48

Context Token Size 512 1024

Hidden Layer 768 1600

Batch Size 64 512
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Results from the original tech report (1)
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GPT

GPT-2

These are all rather 
simple “fill the gap” tests

Ok, we get it: bigger is better!
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Results from the original tech report (2)
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Still, pretty terrible 
results on a fairly simple 

dataset
TL;DR is often found in 

the reddit data!
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GPT-3
• Vision: Build a general model (“foundation model”) that will learn any task with 

only a few examples (“few shot learner”) 
• More of everything…

GPT (2018) GPT-2 GPT-3

Data BooksCorpus (5GB) +WebText (40GB) +CommonCrawl+Wiki_en

Parameters 117 Million 1.5 Billion 175 Billion

Decoder Layers 12 48 96

Context Token Size 512 1024 2048

Hidden Layer 768 1600 12288

Batch Size 64 512 3.2M
21

Brown et al., 2020: Language Models are Few-Shot Learners (NeurIPS 2020)
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GPT-3
• “in-context learning”:  

• prepend examples of the task before your actual example/query 
• k = 0: zero-shot 
• k = 1: one-shot 
• k > 1: few-shot 
• …but still no gradient update!
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Brown et al., 2020: Language Models are Few-Shot Learners (NeurIPS 2020)
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GPT-3: Few-Shot Learning on SuperGLUE
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Translate English to French: 
cheese => 

Zero-Shot

Translate English to French: 
sea otter => loutre de mer 
cheese => 

One-Shot

Translate English to French: 
peppermint => menthe povrée 
sea otter => loutre de mer 
… 
cheese => 

Few-Shot
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GPT-3: Results from the original paper

24



Technische Hochschule Nürnberg Georg Simon Ohm

Chain-of-Thought Prompting
• In-context learning seems to have limited performance 
• Solution: Change the prompts!
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Wei et al., 2022: Chain-of-Thought Prompting Elicits Reasoning in LLMs (NeurIPS 2022)
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Chain-of-Thought Prompting
• Yes, it works! 
• But…
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Wei et al., 2022: Chain-of-Thought Prompting Elicits Reasoning in LLMs (NeurIPS 2022)
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Zero-Shot Chain-of-Thought
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Kojima et al., 2022. LLMs are Zero-Shot Reasoners (NeurIPS 2022)
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Zero-Shot Chain-of-Thought (on MultiArith dataset)
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Kojima et al., 2022. LLMs are Zero-Shot Reasoners (NeurIPS 2022)

🫠
“Prompt Engineering”
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Language Modeling ≠ Assisting Users
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Ouyang et al., 2022: Training LMs to follow instructions with human feedback 

LMs are not aligned with user intent!
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Instruction Fine-Tuning (1)
• Collect examples of (instruction, output) pairs across many tasks and fine-tune 

the LLM

30

Chung et al., 2022: Scaling Instruction-Finetuned Language Models 

e.g. SuperNaturalInstructions 
dataset (1.6k tasks, 3M examples)
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Instruction Fine-Tuning (2)
• Evaluate on unseen task
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Chung et al., 2022: Scaling Instruction-Finetuned Language Models 

FLAN-T5 
SNI + 1.8k tasks

https://huggingface.co/docs/transformers/model_doc/flan-t5
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Limits of Instruction Fine-Tuning (FLAN)
• Ground-truth data is expensive to collect 
• Open-ended (creative) tasks do not have a right answer 

• “Write a poem about deep learning” 
• Language Modeling penalizes all token-level mistakes equally – but some 

errors are worse than others! 
• “You’re fired” vs. “You’re hired”!
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From LMs to Assistants: Recap
• Zero-shot and few-shot in-context learning 

• No fine-tuning needed 
• prompt engineering can improve performance 
• Limits to what you can fit in context 
• Complex tasks will probably need parameter update 

• Instruction fine-tuning 
• Simple and straight-forward, generalizes to unseen tasks 
• Collecting ground-truth for many tasks is expensive (and exhaustive…)

33

Mismatch between LM object and human preference
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Optimizing for Human Preference
• Let’s say, we’re training for summarization 
• Remember: We can sample multiple outputs!
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SAN FRANCISCO, 
California (CNN) -- 
A magnitude 4.2 
earthquake shook the 
San Francisco 
... 
overturn unstable 
objects. 

An earthquake hit San 
Francisco. There was 
minor property damage, 
but no injuries. 

The Bay Area has good 
weather but is prone 
to earthquakes and 
wildfires.

👍 👎

Ouyang et al., 2022: Training LMs to follow instructions with human feedback 
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Optimizing for Human Preference
• Which one is better, or: which one has a higher reward? 
• Mathematical framework: policy gradient for reinforcement learning

35

Reinforcement Learning from Human Feedback (RLHF)

Ouyang et al., 2022: Training LMs to follow instructions with human feedback 
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A Model of Human Preference (1)
• Problem: human-in-the-loop is costly (and slow) 
• Solution: Model human preference as a separate (NLP) task 🤓

36

A 4.2 magnitude 
earthquake hit San 
Francisco, resulting 
in massive damage. 

👍? 👎?

Ouyang et al., 2022: Training LMs to follow instructions with human feedback 
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A Model of Human Preference (2)
• Problem: humans don’t agree and are often miscalibrated 
• Solution: ask for pair-wise comparison (binary preference)
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An earthquake hit San 
Francisco. There was 
minor property damage, 
but no injuries. 

The Bay Area has good 
weather but is prone 
to earthquakes and 
wildfires.

A 4.2 magnitude 
earthquake hit San 
Francisco, resulting 
in massive damage. 

> >

Ouyang et al., 2022: Training LMs to follow instructions with human feedback 
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InstructGPT

38

30k tasks!

Ouyang et al., 2022: Training LMs to follow instructions with human feedback 
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ChatGPT
• OpenAI not so open anymore… details not really revealed 
• Blog post suggests: 

• GPT-3.5 (bigger, you guessed it…) 
• Instruction fine-tuning 
• RLHF 
• …on dialog data 

• Unclear: How much “plain” (handcrafted, rule-based) engineering is 
• in the dialog state? 
• in the “last mile”? (e.g. for SQL queries, API calls)

39

https://openai.com/blog/chatgpt
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A Note on RL with Reward Modeling
• Human preference is unreliable (and subject to change…) 

• “Reward hacking” is an issue in RL 
• Chatbots are rewarded to produce responses that seem authoritative and 

helpful, regardless of truth 
• Possible root cause of “alternative facts” and hallucinations 

• Models of human preference will by design be inferior 🥺

40https://twitter.com/percyliang/status/1600383429463355392
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Recap
• GPT 

• Generative pre-trained transformers for language modelling 
• Fine-tuned to (multitude of) tasks 
• “bigger is better” 

• Prompt engineering (zero-/one-/few-shot) 
• Instruction fine-tuning 
• Reinforcement Learning from Human Feedback
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