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Review: Pretraining -> Fine-Tuning
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Paradigm shift around 2018



Review: GPT-1
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Pre-train a decoder-only LM with a language modelling objective.	
Finetune once per NLP task



Review: Disadvantage of Fine-Tuning for 
Each Task

4

One model per task is fine for small models, but not for today’s big ones.	
Training is expensive	
Overfitting on small datasets	
Storing one model for each task is expensive



Solutions
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Avoid fine-tuning entirely	
In-context learning	

Parameter-efficient fine-tuning	
Multi-task fine-tuning -> instruction tuning



Language Models Are Few-Shot Learners

6 Brown et al. Language models are few-shot learners. 2020

In-Context Learning
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Language Models Are Few-Shot Learners

Brown et al. Language models are few-shot learners. 2020



Formally, In-Context Learning is…
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LLM zero-shot learning: a prompt that contains instructions for the task, but no 
actual examples of the task being performed.	
LLM few-shot learning: a prompt that contains both instructions as well as several 
examples of the task being performed.



Essentially, In-context Learning vs 
Fine-tuning?
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They are different ways of utilizing “annotated data”



Parameter-Efficient Fine-Tuning
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Instead of fine-tuning the entire model, we just fine-tune a small amount of 
parameters

Storage savings



Adapter
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Houlsby et al. Parameter-Efficient Transfer Learning for NLP. 2019

Low-Rank



Prefix-Tuning
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Li et al. Prefix-Tuning: Optimizing Continuous Prompts for Generation. 2021



Prefix-Tuning
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Li et al. Prefix-Tuning: Optimizing Continuous Prompts for Generation. 2021



LORA: LOW-RANK ADAPTATION
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Hu et al. LoRA: Low-Rank Adaptation of Large Language Models 2021



LORA: LOW-RANK ADAPTATION
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Hu et al. LoRA: Low-Rank Adaptation of Large Language Models 2021



Why Parameter-Efficient Tuning
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Fine-Tuning as Service
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Evaluation of LLMs
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Evaluation needs to come first 
before development starts
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How to Evaluate a Language Model
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Loss on validation/test set

<latexit sha1_base64="QwS96I6NRZYTykcS84IgJ/ufBFc="></latexit>

log p(x) Average over number of tokens

Perplexity
<latexit sha1_base64="01+K4/1H9xD7ZmERxxezofCNDOg="></latexit>

e
→ log p(x)

N

N: number of tokens



Evaluating for Downstream Tasks
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Chat:

Which one is better?



Evaluating for Downstream Tasks
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Chat:

What is the quality of this response? It it helpful, factually correct, non-toxic?



Human Evaluation
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Evaluating long-form generated text is hard and an old problem in NLP 
for a long time

Why multi-choice questions?
Q: Is this response helpful?	
A. Very helpful;   B. Helpful.  C. Not useful at all



Human Evaluation is Subjective
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Comparative human evaluation is more reliable

Which one is better?



Sometimes Evaluation is Easier than 
Generation
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Example: Humans can judge which essay is better from two model-written essays, 
but the humans may not generate such essays with similar quality

Humans can still judge AI in some tasks even though AI much 
stronger than humans 



LLM as Judge
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Human evaluation is slow, expensive, and not scalable

1. Sometimes people 
just prompt models 
for judgement	

2. Sometimes people 
train specific 
judgement model

LLM as judge may be inaccurate and uninterpretable.



Crowd-Sourcing Human Evaluation
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https://lmarena.ai/

Imagine any two models can battle a game, whose response is better
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Crowd-Sourcing Human Evaluation

Elo scores as in sports



Evaluate Language Model 
Knowledge
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Automatic evaluations typically seek for objective metrics

Hendricks et al. Measuring Massive Multitask Language Understanding. 2021.

Example from MMLU:

Multi-choice QA

Ranging from middle 
school to college level



Mathematical Reasoning
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Cobbe et al. Training Verifiers to Solve Math Word Problems

Example from GSM8K: 

Short-answer
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Example from AIME (American Invitational Mathematics Examination): 

Mathematical Reasoning



Deep Research
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https://openai.com/index/introducing-deep-research/

Hard to Evaluate



Evaluating Deep Research
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https://openai.com/index/browsecomp/



Software Engineering
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Jimenez et al. SWE-BENCH: CAN LANGUAGE MODELS RESOLVE	
REAL-WORLD GITHUB ISSUES? 2024 

Benchmarking code generation by running tests



Thank You!
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