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breaking down
“LLM application”



*

Define "LLLM application”



*

Define “large language model”



What is a language model?

You might conclude that a likely word 1s blue, or green, or clear, but probably
not refrigerator nor this. In this chapter we formalize this intuition by intro-
ducing n-gram language models or LMs. A language model 1s a machine learning
model that predicts upcoming words. More formally, a language model assigns a
probability to each possible next word, or equivalently gives a probability distribu-
tion over possible next words. Language models can also assign a probability to an
entire sentence. Thus an LM could tell us that the following sequence has a much
higher probability of appearing in a text:

all of a sudden I notice three guys standing on the sidewalk
than does this same set of words 1n a different order:
on guys all I of notice sidewalk three a sudden standing the

Why would we want to predict upcoming words? The main reason 1s that large
language models are built just by training them to predict words!! As we’ll see

Speech and Language Processing, chapter 3 “N-gram Language Models.” Daniel Jurafsky & James H. Martin.



How we’ll deviate from this definition:

* Our class focuses on neural language models.

* More specifically, we mostly focus on LMs that use the Transtformer architecture.

* We'll take a very expansive definition of “language.” Words can be:
* Code
* Music
* Proteins
* Tool calls
* Image patches

* etc.

Citations



“large”



(Google Search trends for LLM
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(Google Search trends for LLLM vs. LM
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LLLLMs in ACL Papers

LLM mentions in ACL paper abstracts
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The first LLM paper at ACL
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The first LLM paper at ACL

“Large Language Models in Machine Translation”

Abstract

This paper reports on the benefits of large-
scale statistical language modeling 1n ma-
chine translation. A distributed infrastruc-
ture 1s proposed which we use to train on
up to 2 trillion tokens, resulting in language
models having up to 300 billion n-grams. It
1s capable of providing smoothed probabil-
ities for fast, single-pass decoding. We 1n-
troduce a new smoothing method, dubbed
Stupid Backoff, that 1s mexpensive to train
on large data sets and approaches the quality
of Kneser-Ney Smoothing as the amount of
training data increases.

Citations



The first LLM paper at ACL

“Large Language Models in Machine Translation”

Abstract

This paper reports on the benefits of large-
scale statistical language modeling 1n ma-
chine translation. A distributed infrastruc-
ture 1s proposed which we use to train on
up to 2 trillion tokens, resulting in language
models having up to 300 billion n-grams. It
1s capable of providing smoothed probabil-
ities for fast, single-pass decoding. We 1n-
troduce a new smoothing method, dubbed
Stupid Backoff, that 1s mexpensive to train
on large data sets and approaches the quality
of Kneser-Ney Smoothing as the amount of
training data increases.
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How is “large” measured today?



“Large” 1s a moving target
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“Iraining compute of frontier AI models grows by 4-5x per year.” EpochAl report. 2024.



https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year

Language Models are Few-Shot Learners

arX1v:2005.14165v4 [cs.CL] 22 Jul 2020

Tom B. Brown* Benjamin Mann™ Nick Ryder* Melanie Subbiah™
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Abstract

Recent work has demonstrated substantial gains on many NLP tasks and benchmarks by pre-training
on a large corpus of text followed by fine-tuning on a specific task. While typically task-agnostic
in architecture, this method still requires task-specific fine-tuning datasets of thousands or tens of
thousands of examples. By contrast, humans can generally perform a new language task from only
a few examples or from simple instructions — something which current NLP systems still largely
struggle to do. Here we show that scaling up language models greatly improves task-agnostic,
few-shot performance, sometimes even reaching competitiveness with prior state-of-the-art fine-
tuning approaches. Specifically, we train GPT-3, an autoregressive language model with 175 billion
parameters, 10x more than any previous non-sparse language model, and test its performance in
the few-shot setting. For all tasks, GPT-3 is applied without any gradient updates or fine-tuning,
with tasks and few-shot demonstrations specified purely via text interaction with the model. GPT-3
achieves strong performance on many NLP datasets, including translation, question-answering, and
cloze tasks, as well as several tasks that require on-the-fly reasoning or domain adaptation, such as
unscrambling words, using a novel word in a sentence, or performing 3-digit arithmetic. At the same
time, we also identify some datasets where GPT-3’s few-shot learning still struggles, as well as some
datasets where GPT-3 faces methodological issues related to training on large web corpora. Finally,
we find that GPT-3 can generate samples of news articles which human evaluators have difficulty
distinguishing from articles written by humans. We discuss broader societal impacts of this finding
and of GPT-3 in general.



“Large” 1s a moving target
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“The Staggering Growth of AI Models, in 6 Charts.” Medium post. 2025



https://medium.com/@appspinnr/the-staggering-growth-of-ai-models-in-6-charts-f73387407564

Measurements of largeness

* Amount of compute used in training
* Amount of data used in training
* Number of parameters in model

* Amount of compute used in inference?

Citations



How large 1s large enough to
count?



For this class...

“Large” simply mean large enough to solve meaningful problems.

This is a moving goalpost because as problems get solved, we find new challenging

problems to apply language models to.

These new problems are often tackled by making bigger models.

Citations



LLM Applications



Components of an LLM Application

Language
Model

Citations



Components of an LLM Application

Language * Model architecture
Mode * ‘Iraining Data

* Pre-training, mid-training, post-training, etc.

* Training objective
 NLL, PPO, DPO, etc.

Citations



Components of an LLM Application

Generated ' Filtering & Content
Content

—} Preprocessing
Postprocessing shown to user
User Language Inference /\
Model Algorithm User




Components of an LLM Application
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Components of an LLM Application

User Interface

Generated ' Filtering & Content
Content Postprocessing shown to user

Q = 4 Preprocessing
A o)

Language Inference /\
Model Algorithm User

Retrieval Tool Calls
System




Natural Language Understanding
Vs.
Natural Language (Generation

(a pre LLM distinction)



Natural Language Understanding

circa 2000

* What does it mean for a computer system to understand natural language?

* Text-based applications:
* finding appropriate documents from a database
* information extraction
* translation

° summarization
* Dialog-based applications:
* question-answering

e qutomated customer service

* spoken language control of machines

Natural Language Understanding



Natural Language Understanding

circa 2000

 Rule-based methods

* Regular expressions, keyword search, etc.

* Machine learning classifier trained on handcrafted features
* Text length, number of stopwords, n-gram frequencies, TF-IDF, etc.

* Support vector machines, logistic regression, decision trees, etc.
* Linguistic Analysis

* Parsing, linking syntax to semantics, formal knowledge representations

Citations



Natural Language Understanding

 Rule-based methods

* Regular expressions, keyword search, etc.

* Machine learning classifier trained on handcrafted features
* Text length, number of stopwords, n-gram frequencies, TF-IDF, etc.

* Support vector machines, logistic regression, decision trees, etc.

Citations



Natural Language (Generation

circa 2000

Natural Language Generation is the subfield of artificial intelligence and computational
linguistics that focuses on computer systems that can produce understandable texts in
English or other human languages.

Reiter and Dale, 2000. Building Natural Language Generation Systems.



2000 definition of NLG

Natural Language Generation is the subfield of artificial intelligence and computational
linguistics that focuses on computer systems that can produce understandable texts in

English or other human languages.

NLU: language — data
NLG: data — language

Reiter and Dale, 2000. Building Natural Language Generation Systems.



NLG Research Questions (circa 2000)

1.How should computers interact with people?
* What is the best way for a machine to communicate information to a human?

* What kind of linguistic behaviour does a person expect of a computer they are communicating with, and how
can this behaviour be implemented?

2.What constitutes 'readable’ or 'appropriate' language in a given communicative situation?
* How can the appropriate pragmatic, semantic, syntactic, and psycholinguistic constraints be formalised?

* What role does context in its many aspects play in the choice of appropriate language?

3.How can typical computer representations of information - large amounts of low-level (often
numeric) data - be converted into appropriate representations for humans?

* What types of domain and world models and associated reasoning are required to 'translate' information from
computer representations to natural language?

Reiter and Dale, 2000. Building Natural Language Generation Systems.



NLG Research Questions (circa 2000)

1.How should computers interact with people?
* What is the best way for a machine to communicate information to a human?

* What kind of linguistic behaviour does a person expect of a computer they are
communicating with, and how can this behaviour be implemented?

In 2025:
* Everything should be a chatbot implemented using an LLLM

* Very little user-specific personalization

Citations



NLG Research Questions (circa 2000)
Things are changing

(Growth in personalization Movement away from chat

X ChatGPT v 4 Get Plus x T, Share 2, Add;
Try a new personality

for ChatGPT What's the weather in Pittsburgh?

Adjust the style and tone of how ChatGPT

responds to you. This doesn't impact ChatGPT's

- . . Here's the current weather in Pittsburgh, PA right now and for the rest of today:
capabilities. You can change this anytime

1 oetings - Current conditions: Overcast with rain and cool temperatures in the low 40s °F
c (around 5-7 °C). Winds are breezy and humidity is high.  amanac +
Default PporPuLAR '
© Vv Today's forecast (Wednesday):

Preset style and tone

O Friendly o Daytime: Cloudy with periods of rain, high near 46 °F. Aimanac

Warm and chatty

e Tonight: Rain transitioning to snow showers with temperatures dropping into the

teens (low around 17 °F). Aimanac
o Candid

Direct and encouraging Short-term trend:

. e Colder weather continues after tonight, with flurries possible and temperatures
A Professional

Polished and precise staying near or below freezing over the next couple of days. Amanac
. Quirky !. Roads and surfaces could be slick tonight and tomorrow as rain changes to snow —
@ Playful and imaginative especially in the evening and overnight. Be careful if you're heading out.  Aimanac
If you want a more detailed hourly forecast or a 5-day outlook, just let me know!
PO P L T - @ Sources

Citations



NLG Research Questions (circa 2000)
Things are changing

(Growth in personalization Movement away from chat

X Gemini What's the weather in Pittsburgh? v (?',:.!1‘1".‘..\ @
Try a new personality
for ChatGPT What's the weather in Pittsburgh?
Adjust the style and tone of how ChatGPT
responds to you. This doesn't impact ChatGPT's 4 Showthinking v
capabilities. You can change this anytime
In Settings.
L Currently
5
42°
Default PporPuLAR
© v Light rain
Preset style and tone g
. High: 44° Low: 17° Precip: 78%
O Frlendly Wednesday - Pittsburgh
Warm and chatty
42° 4r° 40° 39° 39° 38° 37° 35° 30°
Candid ‘ ‘ ‘ ‘ ‘ ‘ ‘ i
o | D D D D H DO Ss
Direct and encouraging ® ® ® ® ® o ® X e *
78% 76% 74% 73% 64% 56% 51% 49% 42%
A Professional 3PM 4PM 5PM 6PM 7PM 8PM 9PM 10PM 11PM
Polished and precise
QUirky Google Weather

Playful and imaginative

@ Enter a prompt for Gemini

Citations



NLG Research Questions (circa 2000)

2.What constitutes 'readable’ or 'appropriate' language in a given communicative situation?
* How can the appropriate pragmatic, semantic, syntactic, and psycholinguistic constraints be formalized?

* What role does context in its many aspects play in the choice of appropriate language?

In 2025:
* Chatbots should be “aligned,” but we don’t agree on what this means.
* Very little talk of formalizing the constraints put on LLLM generations

* Incorporating context remains a challenge

Citations



NLG Research Questions (circa 2000)

3.How can typical computer representations of information - large amounts of low-level (often
numeric) data - be converted into appropriate representations for humans?

* What types of domain and world models and associated reasoning are required to 'translate' information from
computer representations to natural language?

In 2025:
* Organizing and communicating information remains a challenge

* High-quality code generation models are helping

Reiter and Dale, 2000. Building Natural Language Generation Systems.



How would you do it?



*

You're tasked with implementing a weather bot that sends a text message to users
every morning with a summary of the weather they can expect for the day:.

You have access to a REST API which returns a structured JSON of the weather
forecast.

Should you use an LLM in your implementation?



*

You've been tasked by a small board game store to build an AT that
goes through the purchasing catalog and suggests which games the
store should stock.

You can look up information about a game on BoardGameGeek
(review website for games).

You also have access to historical inventory data that lists games the
store has ordered to its inventory and how long they took to sell.

Should you use an LLLM in your implementation?



ways to use LLMs besides just as
token generators



ways to use LLMs besides just as
token generators

probabilistic judges

feature extractors



Token Likelihoods

Pr (w;|w;, wy, ..., w;_;)

Citations



Token Likelihoods

example task: detecting Al-generated text

A

The Monongahela River—often referred to locally as the
Mon (/mon/)—is a 130-mile-1long (210 km)[6] river on
the Allegheny Plateau in north-central West Virginia
and southwestern Pennsylvania. The river flows from
the confluence of i1ts west and east forks in north-
central West Virginia northeasterly into southwestern
Pennsylvania, then northerly to Pittsburgh and its
confluence with the Allegheny River to form the Ohio
River. The river's entire length is navigable via a
series of locks and dams.

very unlikely < very likely

B

The Monongahela River 1s a tributary of the Ohio

River, approximately 50 miles (80 km) long, in the
U.S. state of West Virginia. It rises in the Allegheny
Mountains of northeastern Pennsylvania and flows
generally southward through the state, joining the
Ohio River at Pittsburgh. The Monongahela River 1i1s the
longest tributary of the Ohio River, and the only
tributary to be navigable by large ships. The river 1is
also the only navigable tributary of the Ohio River to
be entirely within the state of West Virginia.



Token Likelihoods

example task: classification

Context passed to model:

Answer the following question. Respond with just the letter of correct answer.
What’s the name for fear of vegetables?

A. Lachanophobia
B. Gamophobia

C. Lutraphobia
D. Ephebiphobia

Compute

arg max Pr(a|context)
a€[A,B,C.D)

Citations



Perplexity

Perplexity measures the normalized probability an LM assigns to a sequence of text.

1 2
P = cXp (—; Zlogfe(xi‘xlr ° .,Xil))
i=1

* Used to assess the LM’s confidence/surprisal at some piece of text.

Citations



Perplexity

example tasks:
* membership inference attack
* data filtering

Citations



Text Embeddings

much more on this in Jan 27 lecture

(b)
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Fig. 3 t-SNE visualization of AG News ground truth label with text data representation from (a) TFIDF (b)

BERT

Subakti et al. 2022. “The performance of BERT as data representation of text clustering” link


https://link.springer.com/article/10.1186/s40537-022-00564-9

Internal Activations

more in future lectures

Citations



