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What’s a language model?

• Better term: “corpus model” (Veres 2022)


• Given a collection of text (corpus) representing a language, how likely is a 
given string to appear?


• Earliest were n-gram language models (Shannon 1948)


• Unigram: relative frequency of single words


• Bigram: relative frequency of words given one previous word


• Trigram: relative frequency of words give two previous words



What are language models good for?

• Ranking spelling correction candidates


• Ranking acoustic model outputs in automatic transcription


• Ranking translation model outputs in machine translation


• Simplified text entry (T9)



What’s a neural language model?

• So-called “neural nets” are not artificial brains/minds


• Collections of “perceptrons”: Mathematical model based on a simplified 
version of 1940s understanding of neurons

(Jurafsky & Martin 2023, Ch 7)



What’s a neural language model? 

• “Neural net” whose input is a sequence of words and output is a probability 
distribution over the vocabulary — how likely is each word to come next?


• Trained with “back propagation”: compare actual next word to predictions 
and, when different, adjust weights throughout the network (slightly) (Bengio 
et al 2003)


• Represent words as “embeddings” (dense vectors reflecting word co-
occurrence) rather than character strings, for better generalization across 
words (Mikolov et al 2013)


• Performance improvement through architecture innovations like Long Short-
Term Memory (Hochreiter and Schmidhuber, 1997) and Transformer (Vaswani 
et al 2017) models and training paradigms (BERT; Devlin et al 2017)



What are neural language models good for?

• Much smoother automatic transcription and machine translation output


• Query expansion in search


• Grammar checker


• Autocorrect


• Word “embeddings” => dramatic improvements to almost every kind of 
language technology



What is “generative AI”?

• Turning systems meant for classification/ranking inside-out


• Instead of “Which string is more plausible?” we get “What word comes 
next?”


• Cover term for other kinds of synthetic media machines (audio, image, video) 
as well


• Not “AI”, and definitely not “AGI”



Chatbots/large language models are a parlor trick

• A language model is a model of the distribution of word spellings in some 
collection of text


• Today’s large language models are very effective tools for mimicking how 
people use language: what words we say in what order


• They provide the illusion of reasoning/“intelligence” because of how we 
understand language: by imagining a mind behind the text



Thought experiment: Meaning from form alone

What a  
pretty sunset

Reminds 
me of lava 

lamps

A B

O

(Bender & Koller 2020)



Thought experiment: Meaning from form alone

I made a coconut 
catapult! Let me 
tell you how…

Cool idea! 
Great job!

A B

O



Thought experiment: Meaning from form alone

Help! I’m 
being chased 

by a bear!
A

B

O



Thought experiment: Meaning from form alone

All I have is a 
stick! What 

do I do?

The bear is 
chasing me!*

*Reply generated 
by GPT2 demo

A
B

O



Thought experiment: Meaning from form alone

*Reply generated 
by GPT2 demo

All I have is a 
stick! What 

do I do?
You’re not 

going to get 
away with this!*

A
B

O



2023 update: National Library of Thailand 
bit.ly/Bender-NLT

• You’re in the National Library of Thailand


• Unlimited time, unlimited delicious Thai food, no people to interact with


• All documents with images or non-Thai text removed


• Can you learn Thai?


• How?

(Photo credit:  
Pat Roengpitya)



But wouldn’t it be so wonderfully useful if?

• ChatGPT isn’t a general-purpose “answer machine”


• But what if one could be built?


• I would argue that still would have no place in the practice of law


• What are you doing when you write a legal brief/do an analysis/search for 
precedents?


• What would it mean to off-load that work to an automated process?



Conditions for appropriate automation

• Specificity of what is being automated — tools are tools for something


• Evaluation in context of the automated system


• Transparency of the affordances of the system


• Accountability for system functionality


• Accountability for appropriate system use



The “god trick” (Haraway 1988) in the law and “AI”

• “seeing everything from nowhere” (p.581)


• In “AI”: The fantasy of all-knowing “answer machines”, or the idea that any 
question articulated has a definitive answer, that can be provided due simply 
to the processing of enough text


• Possible analog in law: The idea that legal systems are functions, with inputs 
and outputs that can be applied most ideally when applied mechanically, 
rather than structures we build to better treat each other fairly



Weizenbaum 1976

Computers can make judicial decisions, 
computers can make psychiatric judgments. 
They can flip coins in much more sophisticated 
ways than can the most patient human being. 
The point is that they ought not be given such 
tasks. [...] What emerges as the most 
elementary insight is that, since we do not now 
have any ways of making computers wise, we 
ought not now to give computers tasks that 
demand wisdom.
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