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Evolution of NLP

Graphic from Karen Livescu



Pretraining Before LLMs
• Let’s say we want to create a language technology for a 

new task

• We don’t have a ton of data available on the new task

• But, we have a lot of general-domain language data 
available outside of the task (books, newspapers, etc.)

• We can take advantage of general-domain language 
data by computing and using “pretrained” 
representations



Why is Pretraining Helpful?

• Initializing model parameters to start in a “good” place makes 
learning easier for downstream tasks
• SGD will stick relatively close to pretrained parameters
• Gradients of finetuning loss near pretrained parameters 

propagate nicely

• We don’t necessarily have enough data available to train on the 
downstream task alone
• SQuAD 2.0 (Rajpukar et al. 2018): <50M tokens
• DataComp-LM (Li et al. 2024): ~240T tokens
• Estimated available web text (Villalobos et al. 2024): ~3.1 

Quadrillion tokens!



Pretrained 
Word Embeddings

• One popular pre-LLM approach

• E.g., Skip-Gram, GloVe — just 
download and initialize your 
favorite model with these 
embeddings

• Then train the model for your 
target task

• If you want, fine-tune the word 
embeddings, or keep them 
frozen

Figure from Stanford CS224n



Pretrained 
Language Models

• Another approach: train an entire 
language model on general-domain 
language data

• Training objective: masked 
language modeling or 
autoregressive

• Not actually used all that much 
prior to the popularity of models like 
BERT, etc.

• What do we learn that we can’t 
learn from word embeddings 
alone? 

Figure from Stanford CS224n



What we Learn from 
Language Modeling

Cal is in _____, California

I put _____ fork down on the table
The woman walked across the 
street, checking for traffic over 
_____ shoulder

I went to the ocean to see the fish, 
turtles, seals, and _____

Overall, the value I got from the 
two hours watching it was the sum 
total of the popcorn and the drink. 
The movie was ____

I’m thinking about a sequence that 
goes 1, 2, 3, 5, 8, 13, 21, _____



What we Learn from 
Language Modeling (Text)

Cal is in _____, California

I put _____ fork down on the table
The woman walked across the 
street, checking for traffic over 
_____ shoulder

I went to the ocean to see the fish, 
turtles, seals, and _____

Overall, the value I got from the 
two hours watching it was the sum 
total of the popcorn and the drink. 
The movie was ____

I’m thinking about a sequence that 
goes 1, 2, 3, 5, 8, 13, 21, _____

knowledge

syntax

coreference

lexical semantics

sentiment
reasoning



LLM Pretraining in Practice

1. Collect some data

2. Preprocess it (filtering, tokenization, etc.)

3. Apply the relevant pretraining objective (autoregressive, 
masked language modeling, etc.)



Pretraining Data

• Books

• News articles

• Web-scraped data

• Seed a webcrawler with initial URLs

• Download HTML from each URL
• Scrape it for raw text
• Scrape it for outlinks to new URLs to crawl 



Data Preprocessing: 
Filtering

• Remove duplicate documents

• Remove junk

• Text that is very unlikely according to a simple n-gram 
model

• Remove pages that are uninteresting

• Pages that have few in-links

• Remove non-English data using a language classifier



Data Preprocessing: 
Filtering

• Stuff we probably don’t want to train on:

• Personally identifiable information

• Adult content

• Hate speech

• Copyrighted data

• NLP benchmarks (why?)

Very culturally dependent

How to identify? Is it fair use?



Filtering Can Be Biased

Banerjee and Rubungo, Princeton COS597G



Data Preprocessing: 
Tokenization

• Most LLMs use byte-pair encoding

• Some experiments on simply using bytes as input, but this 
isn’t standard (why is this harder?)

• Speech language models

• Vector Quantized codes (HuBERT)

• Encodec or SSL-based discrete codes



Pretraining Text Datasets
If you want to train a language model from scratch, no need 

to scrape the Internet yourself!

Gao et al. 2020
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What are we training on?

• Filtering out copyrighted 
data is difficult

• This data is also really 
high-quality, and there’s 
a lot of it…

• Private companies have no 
incentive to release their 
training data

Cooper et al. 2025

Pamela 
Samuelson, prof in 
Berkeley Law — 
talk next week (Nov 
10) 

https://www.amacad.org/events/generative-ai


What are we training on?
• Main premise: pretrain only on data we know is fair use

• Also pretrain the model to learn how to use a datastore of 
temporarily available documents

• At inference time, data the datastore can be updated to include / 
exclude sensitive information, copyrighted documents, etc.

Min et al. 2023

SILO Language Model



What aren’t we training on?
• Low-resource languages or dialects (e.g., African American 

English)
• Non-written languages (e.g., American Sign Language)
• Language from people who aren’t on the web (e.g., older adults)
• Data that is increasingly getting excluded from scraping, for better 

or worse
This leads to language technologies  

that only work for some people!

Longpre et al. 2024



Pretraining Datasets
If you want to train a language model from scratch, no need 
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Pretraining Speech Models

From Shinji Watanabe

Model Param
s

Hours Lang
uages

Architecture Objective

XLSR 53 316M 56K 53 Transformer wav2vec 2.0
XLS-R 128 316M / 

1B / 
436K 128 Transformer wav2vec 2.0

MMS 316M / 
1B

491K 1406 Transformer wav2vec 2.0
Google 
USM

2B 12.5M 300 Conformer BEST-RQ
w2v-BERT 
2.0 v1

600M 1M 143 Conformer w2v-BERT
w2v-BERT 
2.0 v2

600M 4.5M 143 Conformer W2v-BERT
XEUS 600M 1M 4057 E-Branchformer WavLM-like

Model Data Objective Input Architectur
e

Params
wav2vec 
2.0

960 / 60K Masked 
Contrastive

Waveform Transformer 95M / 316M
HuBERT 960 / 60K Pseudo-phone 

MLM
Waveform Transformer 95M / 316M

w2v-
BERT

60K Masked 
Contrastive + 

Spectrogra
m

Conformer 600M / 1B
WavLM 960 / 94K Denoising + 

Pseudo-phone 
Waveform Transformer 95M / 316M

BEST-RQ 60K RQ MLM Spectrogra
m

Conformer 600M
Data2vec 960 / 60K Masked Self-

Distillation
Waveform Transformer 95M / 316M

Multilingual Pretraining

English PretrainingLibrispeech (960h)/ 
Librilite (60Kh)

Emilia (101K Hrs)
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What aren’t we training on?
• Low-resource languages or dialects (e.g., African American 

English)
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In Speech we can augment training data

• In Speech Recognition some 
success was also obtained using 
SpecAugment [2019](Randomly 
masking parts of data)

• Although, at scale, these 
improvements are not as 
significant

ASR improvement 
w/o specaug: 9.8% WER
w/ specaug: 5.8% WER

Specaugment (Masking)



Pretraining Objectives
Encoder-only  
Masked language modeling objective: probability of 
each word depends on every other word in the 
sequence

• Really useful for learning high-quality text embeddings, 
because the representations of each word depend on 
previous and future words

• Not useful for generating sequences token-by-token 
(why?)

• Representative model: BERT (Devlin et al. 2018)

<latexit sha1_base64="QpanUlFugvq5P/DcnCJCyqAwnJ4="></latexit>

p(xi) / f
�⌦
x1, . . . , xi�1, xi+1, . . . , x|x|

↵�



Pretraining Objectives
Encoder-decoder  
Each output token is dependent on all of the input 
tokens, and whatever outputs have been generated 
so far

<latexit sha1_base64="bHmWMtXLr4vE9KgtEkKtCKsmvBs="></latexit>

p(yi) / f
�⌦
x1, . . . , x|x|

↵
, hy1, . . . , yi�1i

�

• Input sequence is bidirectionally encoded, but a decoder 
can generate outputs token-by-token

• Training objective: span corruption and reconstruction  
 
 

• Representative model: T5 (Raffel et al. 2018)

thank you for inviting me to your party last week
s1 s2



Pretraining Objectives

thank you for inviting me to your party last week
s1 s2



Pretraining Objectives

thank you for inviting me to your party last week<s1> <s2>

<s1> for inviting <s2> last

input (fully encoded)

training target (autoregressive)



Pretraining Objectives
Decoder-only  
Probability of each word depends only on the 
previous tokens generated so far

<latexit sha1_base64="XW3hBB17TJo9tGJTJOzGNAWHyuM="></latexit>

p(yi) / f (hy1, . . . , yi�1i)

• Easy and fast token-by-token generation

• Basically all major pretrained language models are 
decoder-only models

• Representative model: GPT series (Radford et al. 2018)



Scaling Up

Kaplan et al. 2020

Better at language modeling when we train for longer, increase 
our dataset size, and increase the model size

Scaling laws tell us what test loss to expect given the amount of 
compute, data, and parameters.

• Discussion question: why non-embedding parameters?



Scaling Up

Kaplan et al. 2020

Better at language modeling when we train for longer, increase 
our dataset size, and increase the model size  

Large models requires fewer samples to reach the same performance



Scaling Up

Kaplan et al. 2020

Better at language modeling when we train for longer, increase 
our dataset size, and increase the model size  

LSTMs are limited by their ability to model long contexts



Scaling Up

Brown et al. 2020



Scaling Up
• One conclusion: we can reliably improve performance if we 

keep scaling up (data, model size, time for training)

• (Where) might we hit a limit?

• Another conclusion: we can experiment with smaller 
models, and trends will probably generalize to larger 
models

• Useful for prototyping, before spending millions of 
dollars on a pretraining run



Menu of Pretrained 
Language Models

Llama series: 
popular open-
weight language 
model from Meta

https://github.com/meta-llama/llama-models, Wikipedia



Summary

• Pretraining: collect a bunch of web data, preprocess it, 
then apply the language modeling objective of your choice

• Some work hypothesizes scaling laws that govern the 
relationship between model size, amount of data, and 
training time, and the resulting language modeling ability

• Keep in mind: pretraining is really expensive, and the 
data you train on might not be yours to use!



Single-Task NLP
• NLP working assumptions pre-2018

• We first need to understand the atomic units (which ones?), 
then we can study how they are composed to give rise to 
meaning

• These compositional processes need to be modeled explicitly

• If we want to do something beyond language modeling, we 
need to train a specialized model

• Eventually, we can combine everything into an end-to-end 
dialogue system…

• There were some efforts to train natively multitask language 
models…



The Dream of Multitask NLP
• Map words to embeddings, including positional 

embeddings

• Convolution-based context processing for variable length 
sequences

• Multi-layer prediction for classification task

• End-to-end training via backpropagation on different NLP 
tasks (SRL, POS tagging, etc.)

• Leverage unlabeled data with a language modeling 
objective

• Why didn’t we get GPT in 2008?

Collobert and Weston 2008

A General 
Deep 

Architecture 
for NLP 
(2008)



The Dream of Multitask NLP
Cal is in _____, California

I put _____ fork down on the table
The woman walked across the 
street, checking for traffic over 
_____ shoulder

I went to the ocean to see the fish, 
turtles, seals, and _____

Overall, the value I got from the 
two hours watching it was the sum 
total of the popcorn and the drink. 
The movie was ____

I’m thinking about a sequence that 
goes 1, 2, 3, 5, 8, 13, 21, _____

knowledge

syntax

coreference

lexical semantics

sentiment

reasoning

information extraction

POS tagging

word embeddings

coreference resolution

sentiment classification

question answering



Realizing the Dream

• What happened to our pre-2018 assumptions?

• What we learn from language modeling looks a lot like 
what need for traditional NLP tasks!

• Self-supervised approaches showed we might not need to 
independently learn word and sentence representations

• (In fact, we can recover a lot of the structural features we 
were explicitly modeling before from these 
representations!)



Probing

• Main research question:

• We’ve trained an end-to-end language model that isn’t a 
combination of a bunch of NLP tasks

• But were these tasks still useful for the model to learn?

• How do we know what the model has “learned”, besides 
what we test it on?

• Method: probing



Probing
• As we run inference on a model to predict the next word, 

we compute intermediate vector representations (e.g., 
values at different transformer layers)

• Do these intermediate values contain the information 
relevant to an NLP task?

I put <MASK> fork down
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Probing MLP: trained to predict 
POS tag given intermediate 
representation
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Probing
• As we run inference on a model to predict the next word, 

we compute intermediate vector representations (e.g., 
values at different transformer layers)

• Do these intermediate values contain the information 
relevant to an NLP task?

I put <MASK> fork down

Probing MLP: trained to predict 
POS tag given intermediate 
representation(s)



Probing

• “BERT rediscovers the 
classical NLP pipeline” (2019)

• Intermediate representations 
of BERT at different layers 
contain sufficient information 
to perform well on NLP tasks, 
without any task-specific 
training!

Tenney et al. 2019



Realizing the Dream

• So our model learns what it needs for all of these tasks, 
but how do we get it to do those tasks?

• Fine-tuning: e.g., train a simple MLP classifier on top of 
BERT sentence embeddings → immediate SOTA on many 
NLP tasks

• For autoregressive models:

• Template-based prompting

• Few-shot prompting



Template-Based Prompting

Example from CMU LLMs course

Classification (sentiment)

Main idea: format input to the model as if it were generic web 
text data.



Template-Based Prompting
Main idea: format input to the model as if it were generic web 
text data.

Example from CMU LLMs course

Text generation  
(summarization)



Few-Shot Prompting
Main idea: give lots of examples of the task in a consistent 
format.

Example from CMU LLMs course

Text generation  
(translation)



Why does this work?

Xie et al. 2021



Realizing the Dream

Brown et al. 2020



Summary
• Traditional NLP was focused on improving on individual tasks, 

with the assumption we need to solve all of them before building 
“general” language systems

• But the answer was hiding inside us all along… language 
modeling gives us more than we thought!

• As models get better at language modeling, they get better at 
downstream tasks we care about

• And we can show this by looking at their internal relationships

• We just need to figure out how to get them to do the tasks…


