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Paradigm shift
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Encoder Only Model: Bert
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Pretraining Task 1: masked words
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Pretraining Task 2: two sentences
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Fine-tuning BERT for other specific tasks
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Traditional way: Fine-tuning

 Fine-tune the parameters of the pre-trained model for a
specific downstream task using a large (thousands to
hundreds of thousands) corpus of labeled data.

 Keep training the model via repeated gradient updates.

 Strong performance on many benchmarks.

 Need a new large dataset for each task.

 Potential for poor out-of-distribution generalization.

 Potential to explore spurious features of the data
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Decoder Only Model: GPT2
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Pretraining Task: next token prediction
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Pretraining Data
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Downstream Tasks
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What makes it work? Scaling
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Terminology

 In-context learning: A frozen LM performs a task only by
conditioning on the prompt text.

 Few-shot in-context learning: (1) The prompt includes
examples of the intended behavior, and (2) no examples of the
intended behavior were seen in training.

 Zero-shot in-context learning: (1) The prompt includes no
examples of the intended behavior (but it can contain other
instructions), and (2) no examples of the intended behavior
were seen in training.

 Emergence: when quantitative changes in a system result in
qualitative changes in behavior.

 Emergent behaviors: abilities that larger models have and
smaller models don’t
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In-context learning

 No training or optimization of the model parameters in
the “adaptation step”

 Simply give the model a task description as well as
none/one/few examples as the input at inference time.

 No gradient updates are performed.
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Example
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Contrast

 Zero-shot in-context learning
- Provides maximum convenience (no task-specific example needed)

- Potential for robustness

- Potential for avoidance of spurious correlations

- Most challenging

- Even for humans, it is often hard to understand a task without an

example.

 Few-shot in-context learning
- Major reduction in the need for task-specific data.

- Reduced potential to learn an overly narrow distribution from a
large but narrow fine-tuning dataset.

- Still not as good as the fine-tuning SOTA, but competitive (GPT-3).

- Still need a few task-specific data
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GPT2 – GPT3
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GPT2 – GPT3

 The authors “demonstrate that language models begin to
learn [question answering, machine translation, reading
comprehension, and summarization] tasks without any
explicit supervision when trained on a new dataset of
millions of webpages called WebText.”

18



GPT2 – GPT3
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GPT2 – GPT3
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Zero-Shot Learning (Sentiment Classification) 
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Zero-Shot Learning (Summarization) 
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Few-Shot Learning (Machine Translation) 
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Why does in-context learning work 
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Why does in-context learning work 
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Why does in-context learning work 

 Instances of the task exist in the pre-training data.

 Example: “TL;DR” is a well used string on Reddit.

 Example: Translation data on the internet

 The few-shot examples “teach” the LLM what format to
expect.
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Prompt Engineering 
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Prompt Engineering 

 Prompts which are perceptually equivalent to humans
can result in radically different performance.
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What matters in prompt selection? 

 Prompts which are perceptually equivalent to humans
can result in radically different performance.

 Prompt performance is correlated with the extent to
which the model is familiar with the language the prompt
contains.
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What matters in prompt selection? 
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What matters in prompt selection? 
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What matters in prompt selection? 

 Prompts which are perceptually equivalent to humans
can result in radically different performance.

 Prompt performance is correlated with the extent to
which the model is familiar with the language the prompt
contains.

 Few-shot example choice and ordering make a huge
difference in performance.

 LLMs can be biased toward answers which occur more
frequently in the prompt.

 Labels can be wrong and it doesn’t matter.
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What matters in prompt selection? 
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How much does having more exemplars help? 
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Chain-of-Thought Prompting 

 Intuition: An LLM will be better able to perform tasks
(especially reasoning-based ones) if it is made to break
down the task into multiple small steps.

 Main idea: each of the exemplars in your few-shot
prompt contains logic showing how to solve the task.
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Zero-Shot Chain-of-Thought Prompting 
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Reasoning Problems

 Multi-step reasoning is often seen as a weakness in NLP
models.

 There is former research on reasoning in small language
models through fully-supervised finetuning on specific
datasets. However,
 Creating a dataset containing explicit reasoning can be difficult and time-

consuming.

 training on a specific dataset limits application to a specific domain

 Reasoning ability may emerge in language models at a certain
scale, such as models with over 100 billion parameters (Wei et
al., TMLR 2022)
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Reasoning Datasets
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Reasoning Problems 

 Conjecture: to achieve > 80%, needs 100 times more fine-
tuning data for 175B model.
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Reasoning Problems 

 Few-shot standard prompting with even larger model
(PaLM 540B) also does not work well.
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Chain-of-Thought Prompting 

 Definition:

 A chain of thought is a series of intermediate natural language
reasoning steps that lead to the final output.

 <input, output> demonstrations are replaced with <input,
chain of thought, output>
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Compositionality of Language 

 Compositionality of languages

 Compositional out-of-distribution generalization: ability to
understand novel composition of known concepts

 Problem decomposition

 Can help decompose multi-step reasoning into intermediate
steps
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Chain-of-Thought(CoT) Prompting 
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Chain-of-Thought Prompting 

 Few-shot vs. Zero-shot
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Chain-of-Thought Prompting 

 Free Response vs. Multiple Choice
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Chain-of-Thought Prompting 

 Free Response vs. Multiple Choice
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Arithmetic Reasoning - Results 
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Arithmetic Reasoning - Results 
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Prior Best – Fine-tuning + Verification 
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Prior Best – Fine-tuning + Verification 
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Arithmetic Reasoning - Results 
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Arithmetic Reasoning - Results 
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Arithmetic Reasoning - Results 

 Both zero-shot and few-shot CoT promptings are
emergent abilities of model scale.

 Do not positively impact performance for small models

 start to yield performance gains when used with models with
more than ~100B parameters.

 Few-shot CoT achieves better performance on LLM than
zero-shot CoT.
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