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• So your language model can complete a sentence, but you may 
want to do different things


• Classify whether a email is SPAM or NOT SPAM


• Answer a question: when was Albert Einstein born?


• Extract information from text


• If I give it a piece of text, how do I tell it whether I want to 
translate it French, summarize it, or make it into a poem?

Using LLMs for tasks



Develop specialized model for your task (with LM as part)


• Hookup appropriate inputs/outputs


• Fine-tuning parameters (include some LM parameters) for task


Try to use the LM network as it is (no extra network training)


• Zero-shot / few-shot prompting (in-context learning)


Try to have smaller LM to allow running on various devices


• Model distillation and pruning


Using LLMs for tasks



Training stages for modern LLMs

Pre-training 
LM training on large, large 

amount of data

Instruction-tuning 
Supervised fine-tuning for 

instructions

Preference 
optimization 

Align to human 
preferences

Post-training
Pre-training can be 

broken into stages (mid-
training)

(Can have more iterations)

Self-supervised training

LM objective

Piles of 
unlabeled 

text!

Supervised training

LM objective

Text with 
“instructions” 

and 
“responses”

List three fruit

Apple, orange, 

banana

Reinforcement 
learning

Human 
preference data 
Data about what 

people prefer

p(wt |w<t) p(wt |w<t; prompt)



Pre-training

LM training on large, large 

amount of data

Fine-tuning

Supervised fine-tuning for 

instructions

Preference 
optimization

Align to human 

preferences

Post-training

Model 
compression


Reduce size of model for 
efficient deployment

Task specific 

fine-tuning


Custom domains, 
improved performance on 

specialized tasks

Prompting

Generate responses

Use to build LLM agents



Recipe for using LLMs

• Start with prompting


• Retrieval augmented prompting


• Use fine-tuning


• Fine-tuning using APIs


• Fine-tuning over open-source LLMs


• Use PEFT


• Pre-train your own model - not recommended unless you are one of 
the big companies or a startup that have a lot of funding/resources 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Figure credit: Andrej Karpathy



Few-shot learning and prompting



The GPT3 paper

NeurIPS 2020, Vancouver, BChttps://arxiv.org/abs/2005.14165

https://arxiv.org/abs/2005.14165


GPT-3: Few-shot learning 

10Language Models are Few-Shot Learners (Brown et al. OpenAI, 2020)

A few examples are 
provided at test time

0 training  
examples

1 training  
examples







Fine-tuning for large models
• LLMs >10B parameters are very difficult to fine-tune and requires a big 

compute budget


• So in-context learning using a long prompt or prefix is needed to coax the 
answer from a "predict the next token" approach to solving multiple tasks


• Pre-training on web-scale text can observe many different tasks in-context 
during training in the inner loop (per batch)


• Gradient descent improves the model representations based on next token 
prediction over many batch updates in the outer loop 

Learning via examples provided in the prompt









Prompting strategies



Prompting

• LLM responses depend on prompt provided 
• Many different types of prompt designs 

• Direct prompting 
• Prompting with examples: few-shot  

• What examples will be most effective? 
• Prompting with roles and templates   
• Prompting for reasoning: chain-of-thought 
• Prompting to reflect to check consistency and correctness 
• Prompting with multiple steps: breaking it down 
• Prompting with retrieval: RAG
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https://www.promptingguide.ai/

https://www.promptingguide.ai/


Basic prompting

• Provide textual string as input and ask the LM to complete it
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 be afraid of anything unusual. As an exception, that's when a squirrel is usually afraid to bite.

GPT-2 small

lick the squirrel. It will also touch its nose to the squirrel on the tail and nose if it can
GPT-2 XL

When a dog sees a squirrel, it will usually

Example input

Example Credit: CMU CS11-711, Graham Neubig



Prompt templates and roles
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You’re a copywriter at 
<User.CompanyName__Merge_Field> and you 
need to
create an account description for 
<account.Name__Merge_Field>.

When I ask you to create the account 
description, you must strictly follow my 
instructions below.

Instructions:
"""
Write a description no longer than 500 
characters.
"""

Now create the account description.

Example template from Salesforce

messages=[ 
{ "role": “system", 
  "content": “Please classify movie 
reviews as 'positive' or ‘negative'." }, 
{ "role": “user", 
  "content": "This movie is a banger.” }, 
]

Roles:
“system”: message provided to the system to 
influence behavior 
“user”: message input by the user 
 “assistant”: message output by the system

Example with roles (OpenAI messages format)

Models are now often trained as chatbots

Example Credit: CMU CS11-711, Graham Neubig



• How you prompt 
matters. 

• For more complex 
problems, may need to 
provide prompts that 
illustrate the reasoning 
you expect
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Chain of thought prompting
Chain-of-Thought Prompting Elicits Reasoning in Large Language Models [Wei et al, 2022]



Chain of thought prompting
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Chain-of-Thought Prompting Elicits Reasoning in Large Language Models [Wei et al, 2022]

Slide Credit: Stanford CS224n, Jesse Mu



• Sample 
multiple paths 

• Select solution 
based on 
majority vote 
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Self-consistency
Self-Consistency Improves Chain of Thought Reasoning in Language Models [Wang et el. 2023]



• Decision making by 
considering multiple 
paths of reasoning 

• Consider different 
“thoughts” expressed in 
language 

• Use to solve different 
types of problems
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Tree of thoughts
Tree of Thoughts: Deliberate Problem Solving with Large Language Models [Yao et al, 2023] 

Large Language Model Guided Tree-of-Thought [Long 2023]
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Tree of thoughts
Tree of Thoughts: Deliberate Problem Solving with Large Language Models [Yao et al, 2023] 

Large Language Model Guided Tree-of-Thought [Long 2023]

• Problem solving by considering multiple reasoning path over “thoughts” 
• Decompose problem solving process into “thought” steps and states (partial solution)



Example: want to get to number 24 from four input numbers
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Tree of thoughts
Tree of Thoughts: Deliberate Problem Solving with Large Language Models [Yao et al, 2023]

Use LLM to propose next steps and evaluate how good the state is
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Tree of thoughts
Tree of Thoughts: Deliberate Problem Solving with Large Language Models [Yao et al, 2023]

https://www.promptingguide.ai/Different types of prompting:



Issues with direct generation with LLMs

• Accuracy issues:  
• Knowledge cutoffs: parameters are usually only updated to a 

particular time  
• Private data: data stored in private text or data repositories not 

suitable for training  
• Learning failures: even for data that the model was trained on, it 

might not be sufficient to get the right answer  
• Verifiability issues: It is hard to tell if the answer is correct 

• Solution: combine LLM generation with ability to retrieve from a set of 
documents or ability to use tools (agents)

28Slide Credit: CMU CS11-711, Graham Neubig



Self-Reflection

• ReAct: interleave 
thought, action, and 
observation
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ReAct: Synergizing Reasoning and Acting in Language Models [Yao et al. 2022]

• Prompting to 
combine reasoning 
with actions

https://arxiv.org/abs/2210.03629


Self-Reflection

• Comparison with 
other ways of 
prompting
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ReAct: Synergizing Reasoning and Acting in Language Models [Yao et al. 2022]

https://arxiv.org/abs/2210.03629


Retrieval augmented generation (RAG)
• Augment text generation (often using LLM) with retrieved context from an 

external database 
• Allows for incorporation of external information together with pretrained LLM 

• Up-to-date, current information 
• Specialized knowledge (e.g. company or domain specific information) 
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Figure credit: Semantic Embeddings for Arabic Retrieval Augmented Generation (ARAG) [Abdelazim et al. 2023]  

https://www.researchgate.net/scientific-contributions/Hazem-Abdelazim-2267691809?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6Il9kaXJlY3QiLCJwYWdlIjoicHVibGljYXRpb24iLCJwcmV2aW91c1BhZ2UiOiJfZGlyZWN0In19


Retrieval-augmented generation
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Retrieval-Augmented Generation for Large Language Models: A Survey [Gao et al. 2024]  

• RAG for prompting: Retrieved documents / chunks are used to augment prompts

https://arxiv.org/pdf/2312.10997


https://www.anthropic.com/engineering/effective-context-engineering-for-ai-agents



Prompt Engineering Guides
• https://www.promptingguide.ai/


• OpenAI: https://developers.openai.com/api/docs/guides/prompt-engineering/


• Google: https://cloud.google.com/discover/what-is-prompt-engineering


• Anthropic (Claude): https://platform.claude.com/docs/en/build-with-claude/
prompt-engineering/overview

https://platform.claude.com/docs/en/build-with-claude/prompt-engineering/overview
https://platform.claude.com/docs/en/build-with-claude/prompt-engineering/overview
https://platform.claude.com/docs/en/build-with-claude/prompt-engineering/overview


Why does in-context learning work?

35



https://arxiv.org/abs/2202.12837

https://arxiv.org/abs/2202.12837


ground truth 
labels don't 

matter!

What happens if 
we provide few-
shot examples 
with random 

labels?



ground truth 
labels



replace true labels with 
random labels



Why does in-context learning work?
Four hypotheses

1. The input-label mapping, whether each input  is paired with the correct 
label  (not true)


2. The distribution that the input  are from (is it from a sports article, 
or business news?)


3. The output label space 


4. The format of the demonstration, e.g. x // y; Input: x Output: y; 
etc.

xi
yi

x1, …, xk

y1, …, yk
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The input distribution matters: using 
inputs from an out of domain corpus 

causes a large performance drop



Why does in-context learning work?
Four hypotheses

1. The input-label mapping, whether each input  is paired with the correct 
label  (not true)


2. The distribution that the input  are from (is it from a sports article, 
or business news?)


3. The output label space 


4. The format of the demonstration, e.g. x // y; Input: x Output: y; 
etc.

xi
yi

x1, …, xk

y1, …, yk



The output distribution matters: using 
labels that are random English unigrams 

causes a large performance drop







https://arxiv.org/pdf/2307.12375 Opposite conclusion from Min et al. 2022!



In-Context Learning (ICL)
• How does the conditional label distribution of ICL examples affect 

accuracy?


• ICL does incorporate in-context label information and can even learn truly 
novel tasks in-context.


• Analogies between ICL and conventional learning algorithms fall short in a 
variety of ways


• Label relationships inferred from pre-training have a lasting effect that 
cannot be surmounted by in-context observations


• Additional prompting can improve but likely not overcome this deficiency


• ICL does not treat all information provided in-context equally and 
preferentially makes use of label information that appears closer to the query













Fine-tuning and aligning LLMs



Fine-tuning


• Full fine-tuning


• Parameter efficient fine-tuning (PEFT) 

 
Aligning to instructions / human values:


• Instruction tuning (fine-tune with instructions)


• Reinforcement learning with human feedback (train with 
modified objective that incorporates human preferences)

Different ways to fine-tune or
 align your model



Full finetuning vs parameter efficient fine-tuning
• Finetuning every parameter in a pretrained model works well, but is memory-intensive.  
• Lightweight finetuning methods adapt pretrained models in a constrained way.  
• Leads to less overfitting and/or more efficient finetuning and inference.

58Slide Credit: Stanford CS224n, John Hewitt [Liu et al., 2019; Joshi et al., 2020]



Parameter-Efficient Finetuning:  Adapters

• Add lightweight network with new learnable parameters 
• Only these parameters are fine-tuned, rest are frozen
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https://github.com/adapter-hub/adapter-transformers

[Houlsby et al., 2019] [Pfeiffer et al., 2021]

New learnable parameters



Parameter-Efficient Finetuning:  Adapters
• Mixture of adapters - stochastically selected during training 
• Average weights of adapters during inference

60 [AdaMix, Wang et al., EMNLP 2022]

[Houlsby et al., 2019]

Performance on GLUE, fine-
tuning of RoBERTa-large



Parameter-Efficient Finetuning: Prefix-Tuning, Prompt tuning

• Prefix-Tuning adds a prefix of parameters, and freezes all pretrained parameters. 
• The prefix is processed by the model just like real words would be.  
• Advantage: each element of a batch at inference could run a different tuned model.

61Slide Credit: Stanford CS224n, John Hewitt [Li and Liang, 2021; Lester et al., 2021]



Parameter-Efficient Finetuning: Low-Rank Adaptation

• Low-Rank Adaptation learns a low-rank “diff” between the pretrained and 
finetuned weight matrices.  

• Easier to learn than prefix-tuning

62Slide Credit: Stanford CS224n, John Hewitt [Hu et al., 2021]

https://arxiv.org/pdf/2106.09685.pdf
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Parameter-Efficient Finetuning: Low-Rank Adaptation

[AdaMix, Wang et al., EMNLP 2022]

Good performance by tuning just a fraction of the weights



Going toward smaller powerful LMs

• Knowledge Distillation 
• DistilBERT, a distilled version of BERT: smaller, faster, cheaper and lighter.  Sanh et al.  

NeurIPS Workshop 2019 
• TinyBERT: Distilling BERT for Natural Language Understanding. Jiao et al. Findings of 

ACL 2020 
• Quantization 

• Q8BERT: Quantized 8bit BERT, Zafrir et al, NeurIPS Workshop 2019 
• Model Pruning 

• Compressing BERT: Studying the effects of weight pruning on transfer learning.  Gordon 
et al.  Workshop of ACL 2020.
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