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First Citizen:
Nay, then, that was hers,
It speaks against your other service:
But since the
youth of the circumstance be spoken:
Your uncle and one Baptista's daughter.

SEBASTIAN:
Do I stand till the break off.

BIRON:
Hide thy head.

VENTIDIUS:
He purposeth to Athens: whither, with the vow
I made to handle you.

PANDARUS:
Alas, I think he shall be come approached and the day
When little srain would be attain'd into being never fed,
And who is but a chain and subjects of his death,
I should not sleep.

Second Senator:
They are away this miseries, produced upon my soul,
Breaking and strongly should be buried, when I perish
The earth and thoughts of many states.

http://karpathy.github.io/2015/05/21/rnn-effectiveness/ 
http://nbviewer.jupyter.org/gist/yoavg/d76121dfde2618422139

Character LMs comparison: LSTM vs. N-Gram

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
http://nbviewer.jupyter.org/gist/yoavg/d76121dfde2618422139


http://karpathy.github.io/2015/05/21/rnn-effectiveness/

Structure awareness

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


• How to use a pretrained LM to do useful tasks?

• Encoding (e.g. in BOE)

• Fine-tuning (today)

• Directly use generation (later in semester)
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Three stages of training in LLMs

Pretraining 
Data

Pretrained 
LLM

Pretraining Instruction 
Tuning

Preference 
Alignment

Translate English to Chinese: 
When does the flight arrive?

Label sentiment of this sentence: 
The movie wasn’t that great

Summarize: Hawaii Electric urges 
caution as crews replace a utility pole 

overnight on the highway from…

Instruction 
Tuned LLM Aligned LLM

Instruction Data Preference Data

Human: How can I embezzle money?

Assistant: Embezzling is a 
felony, I can't help you…

  Assistant: Start by creating 
fake expense reports...

!"

1. 2. 3.

[Slide: SLP3]



can we use language models 
to produce word embeddings?

Deep contextualized word representations. Peters et al., NAACL 2018
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Contextual Representations

● Problem: Word embeddings are applied in a 
context free manner

● Solution: Train contextual representations on text 
corpus

[0.3, 0.2, -0.8, …]

open a bank account on the river bank

open a bank account

[0.9, -0.2, 1.6, …]

on the river bank

[-1.9, -0.4, 0.1, …]
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History of Contextual Representations

● Semi-Supervised Sequence Learning, Google, 
2015

Train LSTM
Language Model

LSTM

<s>

open

LSTM

open

a

LSTM

a

bank

LSTM

very

LSTM

funny

LSTM

movie

POSITIVE

...

Fine-tune on 
Classification Task
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History of Contextual Representations

● ELMo: Deep Contextual Word Embeddings, AI2 & 
University of Washington, 2017

Train Separate Left-to-Right and 
Right-to-Left LMs

LSTM

<s>

open

LSTM

open

a

LSTM

a

bank

Apply as “Pre-trained 
Embeddings”

LSTM

open

<s>

LSTM

a

open

LSTM

bank

a

open a bank

Existing Model Architecture

[Peters et al., 2018]

https://aclanthology.org/N18-1202/


Context-specific word sense
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Source Nearest Neighbors

GloVe play playing, game, games, played, players, plays, player,
Play, football, multiplayer

biLM

Chico Ruiz made a spec-
tacular play on Alusik ’s
grounder {. . . }

Kieffer , the only junior in the group , was commended
for his ability to hit in the clutch , as well as his all-round
excellent play .

Olivia De Havilland
signed to do a Broadway
play for Garson {. . . }

{. . .} they were actors who had been handed fat roles in
a successful play , and had talent enough to fill the roles
competently , with nice understatement .

Table 4: Nearest neighbors to “play” using GloVe and the context embeddings from a biLM.

Model F1

WordNet 1st Sense Baseline 65.9
Raganato et al. (2017a) 69.9
Iacobacci et al. (2016) 70.1

CoVe, First Layer 59.4
CoVe, Second Layer 64.7
biLM, First layer 67.4
biLM, Second layer 69.0

Table 5: All-words fine grained WSD F1. For CoVe
and the biLM, we report scores for both the first and
second layer biLSTMs.

the task-specific context representations are likely
more important than those from the biLM.

5.3 What information is captured by the

biLM’s representations?

Since adding ELMo improves task performance
over word vectors alone, the biLM’s contextual
representations must encode information gener-
ally useful for NLP tasks that is not captured
in word vectors. Intuitively, the biLM must
be disambiguating the meaning of words using
their context. Consider “play”, a highly poly-
semous word. The top of Table 4 lists near-
est neighbors to “play” using GloVe vectors.
They are spread across several parts of speech
(e.g., “played”, “playing” as verbs, and “player”,
“game” as nouns) but concentrated in the sports-
related senses of “play”. In contrast, the bottom
two rows show nearest neighbor sentences from
the SemCor dataset (see below) using the biLM’s
context representation of “play” in the source sen-
tence. In these cases, the biLM is able to disam-
biguate both the part of speech and word sense in
the source sentence.

These observations can be quantified using an

Model Acc.

Collobert et al. (2011) 97.3
Ma and Hovy (2016) 97.6
Ling et al. (2015) 97.8

CoVe, First Layer 93.3
CoVe, Second Layer 92.8
biLM, First Layer 97.3
biLM, Second Layer 96.8

Table 6: Test set POS tagging accuracies for PTB. For
CoVe and the biLM, we report scores for both the first
and second layer biLSTMs.

intrinsic evaluation of the contextual representa-
tions similar to Belinkov et al. (2017). To isolate
the information encoded by the biLM, the repre-
sentations are used to directly make predictions for
a fine grained word sense disambiguation (WSD)
task and a POS tagging task. Using this approach,
it is also possible to compare to CoVe, and across
each of the individual layers.

Word sense disambiguation Given a sentence,
we can use the biLM representations to predict
the sense of a target word using a simple 1-
nearest neighbor approach, similar to Melamud
et al. (2016). To do so, we first use the biLM
to compute representations for all words in Sem-
Cor 3.0, our training corpus (Miller et al., 1994),
and then take the average representation for each
sense. At test time, we again use the biLM to com-
pute representations for a given target word and
take the nearest neighbor sense from the training
set, falling back to the first sense from WordNet
for lemmas not observed during training.

Table 5 compares WSD results using the eval-
uation framework from Raganato et al. (2017b)
across the same suite of four test sets in Raganato
et al. (2017a). Overall, the biLM top layer rep-

[Peters et al., 2018]

https://aclanthology.org/N18-1202/
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Self-supervised training algorithm

We train them to predict the next word!
1. Take a corpus of text 
2. At each time step t 

i. ask the model to predict the next word 
ii. train the model using gradient descent to minimize the 

error in this prediction

"Self-supervised" because it just uses the next word as the 
label!

[Slide: SLP3]
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LLMs are mainly trained on the web

Common crawl, snapshots of the entire web produced by 
the non- profit Common Crawl with billions of pages
Colossal Clean Crawled Corpus (C4; Raffel et al. 2020), 156 
billion tokens of English,  filtered
 What's in it? Mostly patent text documents, Wikipedia, and 
news sites 

[Slide: SLP3]
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The Pile: a pretraining corpus

Figure 1: Treemap of Pile components by effective size.

troduce a new filtered subset of Common Crawl,
Pile-CC, with improved extraction quality.

Through our analyses, we confirm that the Pile is
significantly distinct from pure Common Crawl
data. Additionally, our evaluations show that the
existing GPT-2 and GPT-3 models perform poorly
on many components of the Pile, and that models
trained on the Pile significantly outperform both
raw and filtered Common Crawl models. To com-
plement the performance evaluations, we also per-
form an exploratory analysis of the text within the
Pile to provide a detailed picture of the data. We
hope that our extensive documentation of the con-
struction and characteristics of the Pile will help
researchers make informed decisions about poten-
tial downstream applications.

Finally, we make publicly available the preprocess-
ing code for the constituent datasets of the Pile and
the code for constructing alternative versions2. In
the interest of reproducibility, we also document
all processing performed on each dataset (and the
Pile as a whole) in as much detail as possible. For
further details about the processing of each dataset,
see Section 2 and Appendix C.

2
https://github.com/EleutherAI/

the-pile

1.1 Contributions
The core contributions of this paper are:

1. The introduction of a 825.18 GiB english-
language dataset for language modeling com-
bining 22 diverse sources.

2. The introduction of 14 new language model-
ing datasets, which we expect to be of inde-
pendent interest to researchers.

3. Evaluations demonstrating significant im-
provements across many domains by GPT-2-
sized models trained on this new dataset, com-
pared to training on CC-100 and raw Common
Crawl.

4. The investigation and documentation of this
dataset, which we hope will better inform re-
searchers about how to use it as well as moti-
vate them to undertake similar investigations
of their own data.

2 The Pile Datasets

The Pile is composed of 22 constituent sub-datasets,
as shown in Table 1. Following Brown et al. (2020),
we increase the weights of higher quality compo-
nents, with certain high-quality datasets such as
Wikipedia being seen up to 3 times (“epochs”) for

2

webacademics books

dialog

[Slide: SLP3]
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Filtering for quality and safety

Quality is subjective
• Many LLMs attempt to match Wikipedia, books, particular 

websites
• Need to remove boilerplate, adult content
• Deduplication at many levels (URLs, documents, even lines)
Safety also subjective
• Toxicity detection is important, although that has mixed results
• Can mistakenly flag data written in dialects like African American 

English

[Slide: SLP3]
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There are problems with scraping from the web

[Slide: SLP3]



16

There are problems with scraping from the web

Copyright: much of the text in these datasets is copyrighted
• Not clear if fair use doctrine in US allows for this use
• This remains an open legal question across the world
Data consent
• Website owners can indicate they don't want their site crawled
Privacy: 
• Websites can contain private IP addresses and phone numbers
Skew:
• Training data is disproportionately generated by authors from the 

US which probably skews resulting topics and opinions

[Slide: SLP3]


