
Lecture 6: Pre-training

DS-GA 1011: Fundamentals of Natural Language Processing	



Administrative details	
and recap

2

Intro to Pre-training and Prompting	

Data Scaling Laws	

Model Scaling Laws	

Chinchilla: Data x Model	

Putting it together



Announcements

‣ Assignment 2 due	

‣ Assignment 3 released	

‣ No class next week (“legislative Monday”)	

‣ Midterm October 28
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Recap: Transformer LMs
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I       saw    the    dog

hi

P (w|context) = softmax(Whi)
word probs

Why are such Transformers useful for us? What can they do?

We’re going to train LLMs on a ton of web data to do this next word 
prediction task.

Transformer



Pre-LLMs: Fine-tuning

6 Brown et al. (2020)

‣ Fine-tuning: this is the 
“normal way” of doing 
learning in ML

‣ Requires computing the 
gradient and applying a 
parameter update on 
every example



Prompting

7 Brown et al. (2020)

‣ GPT-3 proposed an alternative: in-context learning.	
Key idea: a strong LLM should be able to complete the following pattern 
correctly. What’s the most likely next token? The French translation of cheese



Prompting in general
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‣ Prompting is giving an LLM a detailed instruction to perform a task. This 
could be a long instruction in natural language, in-context examples, or a 
combination.

*This is not really true. Models are extensively post-trained via 
supervised fine-tuning and reinforcement learning to answer 
questions and do tasks we care about

‣ If a language model is very good, the most likely continuation of the 
prompt should be the answer that we want*

‣ Today: focus on how we get models that are large enough and trained 
enough to do this effectively. This involves big models and big data.



Prompting Best Practices
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‣ Be specific: instructions should be clear, ICL examples should articulate edge 
cases

‣ Be specific: instructions should be clear, ICL examples should articulate edge 
cases

‣ Practices are constantly changing. We are not going to teach a course on 
prompting. Models are constantly trained to be more helpful, so tricks like 
saying “you are an expert mathematician” become less necessary over time.



Data Scaling Laws
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Slide credit: Tatsu Hashimoto
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Data Scaling Laws
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Foundations
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Example: Mean Estimation

13



Example: Mean Estimation
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the Central Limit Theorem:



Scaling Laws in Practice
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Function Approximation
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by averaging over samples in the box

(essentially the error of the mean estimate in the box)



Function Approximation
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by averaging over samples in the box

(essentially the error of the mean estimate in the box)



Intrinsic Dimensionality
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Intrinsic Dimensionality
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(we’ll revisit this later)



Repeating Data
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Muenninghoff et al. (2023)



Data Scaling Laws
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Model Scaling Laws
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Slide credit: Tatsu Hashimoto
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Model Scaling Laws
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Consider: 1. Architecture; 2. Optimizer; 3. Aspect ratio/depth; 4. Batch size



Architecture
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Architecture

25 Tay et al. (2022)
size = num params

Switch Transformer



Optimizer
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Depth/Width
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Kaplan et al. (2020)



Depth/Width
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Kaplan et al. (2020)



Depth/Width

29 Kaplan et al. (2020)



Batch Size
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Batch Size

31 Kaplan et al. (2020)



Batch Size
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Kaplan et al. (2020)



Scaling: Downstream Eval
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Scaling: Downstream Eval
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Chinchilla: Data x Model
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Slide credit: Tatsu Hashimoto
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Model x Data Scaling
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Model x Data Scaling
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Compute Tradeoffs
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Compute Tradeoffs
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‣ train on more data	
with a smaller model



Compute Tradeoffs

40



Method 1: Minimum over Runs
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Method 2: IsoFLOPs
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Method 3: Joint Fits
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Overtraining
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Putting it together:	
DCLM and OLMo 3
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Slide credit: Tatsu Hashimoto
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DataComp Language Modeling
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DataComp Language Modeling
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Followed on earlier “DataComp” projects for language modeling

Fixed dataset to allow for testing of algorithms with data held constant

…but what people ended up using was actually just the dataset they made

1x = number of repeats of the dataset



Predictability
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Evals at small scale predict scores at higher scale (positive correlation)



Data Filtering
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Data Filtering
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OLMo 3
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OLMo 3
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Along with DCLM, one of the few “fully open” language models: open 
weights, open data, ability to reproduce given the compute.	
(Note: Llama/Qwen/etc. lack open data.)

Several models; we will cover what all this means more with post-training:



OLMo 3
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Loss decreases very regularly here.
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