Working with LLMs
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What is a Language Model?

 Given a sequence of tokens, The catsatonthe __
predict the probabillity of the

next token: P(mat | The catsatonthe) = 0.62

P(floor | The catsatonthe) = 0.21

P(x, g | x5, ...,x,)

* Create text by sampling,
appending, and repeating P(moon | The catsaton the) = 0.01

- When to stop? Create a
token that ends the text! P(<EQS> | The cat sat on the) = 0.0005



How do we choose the next token?

The cat sat on the
 Greedy decoding: always T
choose the most likely token. P(mat | The cat sat on the) = 0.62
A1 T A4S meP(x | %) P(floor | The catsatonthe) = 0.21
: /T
. Sampling: P(T) = Xpl /)T
Zjexp(zj ) P(moon | The catsatonthe) = 0.01

- Low 7% more concentrated

- High T: flatter, more varied P(<EQS> | The cat sat on the) = 0.0005



Simple language models

* A simple language model: the cat sat on the mat
(Wi_1> W) | thecatsatonthefloor |
P(Wt ‘ Wt—l) — | {
(Wr—1) | the cat slept on the couch gi
. | thedog saton the floor |
* Only consider the next word! ]

- P(sat | The cat) = P(sat | cat) =
- P(mat | The cat sat on the) = P(sat | mat) =




Modern Day (Large) Language Models

 Same goal! Predict the next token!
P(x,q | x5, ...,x,)

 But instead of simple counts...

- A neural network learns how to ok

predict the next token...
- Architecture: Transformers

- Billions of parameters,
enormous training datasets
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Three things to know about attention

e Attention lets tokens
“Interact” with other tokens.
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Neural networks

3Blue1Brown - Course
10 videos Last updated on Jul 21, 2026

U » ¥

P Play (=) comments

Learn the basics of neural networks and
backpropagation, one of the most important
algorithms for the modern world.
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", 10:18

3Blue1Brown

But what is a neural network? | Deep learning chapter 1
> 24M 8y ago

Gradient descent, how neural networks learn | Deep Learning Chapter 2
> 9.5M 8yago

Backpropagation, intuitively | Deep Learning Chapter 3
> 6.2M 8y ago

Backpropagation calculus | Deep Learning Chapter 4
> 3.9M 8yago



https://www.youtube.com/playlist?list=PLZHQObOWTQDNU6R1_67000Dx_ZCJB-3pi

Modern Day (Large) Language Models

e | LMs are much more than mere
“predict next token” machines

these days.

* Post-training:
- Instruction tuning
- Reasoning
- RHLF/DPO
- RLVR

- Jool use, vision capabillities...
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Supervised Fine Tuning (SFT)

« What? Create clear examples
and train the model to .
maximize the probability of the Give three tips for staying healthy.
assistant’s response given the o
prompt. ~

. Eatabalanced diet, and include

User

plenty of fruits and vegetables.

° Why? BeCaUSG pretraining . Exercise regularly to keep your body
teaches a model to continue active and strong.

. Getenough sleep and maintain a

text, not to follow instructions. consistent sleep schedule

“Here is what a good answer looks like. Imitate it.”



Direct Preference Optimization (DPO)

« What? Have humans compare oy
multiple model responses; train .

'the model 1{® prOdUCG Give three tips for staying healthy.
responses that humans prefer. Assistant Assistant

~ ~

o 1. Eatabalanced diet, and include 1. Try to eat healthy foods
* Why? BeCaUSG pretralnlng plenty of fruits and vegetables. when you can.

2. Exercise reqularly to keep your 2. Take care of yourself and

teaches a moaqel tq Conthue pody active and strong o unhealibbis
text, not to follow instructions. 3. Getenough sleep and maintain

a consistent sleep schedule

“Here are several answers. This one is better. Learn to produce answers like that.”



Chain-of-Thought

* What? Instead of producing an User
answer Immedla:tely’ have_ the Roger has 5 tennis balls. He buys 2 cans with 3 balls
model generate Intermediate each. How many does he have?

reasoning steps. (Originally a
prompting trick.)

Assistant

» Why? This can substantially <thinking>
_ 2 canstimes 3 =6

Improve performance on tasks b+5=1

requiring multi-step reasoning <[thinking>
, : <answer>11</answer>
(e.g., math, logic, planning).

Instead of using compute during training, we can use “test-time compute”!



RL with Verifiable Rewards (RLVR)

e What? Train the model with

reinforcement learning on User
whether it got the answers Whatis 2 + 22
correct.
Assistant Assistant
» Why? For tasks like math, we 4 5

can often check the final
answer automatically, allowing
training without human labels!

“Iry solving the problem. If you get the right answer, you get a reward.”
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LLMs created a new paradigm

Before LLMSs After LLMs

LLMs perform very well

in a broad range of tasks! Data + Labels Instructions +

\ 4 Unlabeled data

- (Classification

- Extraction frain *I\/IOdeI *
- S izati
ummarization Use Model LLM

- Translation *

\ 4

Predictions Predictions

- Question answering



The OG way: prompting as completion

e Pretrained LMs are trained to
predict the next token.

* Prompt the model by turning
your task into a completion!

o “Zero-shot:” describe the task
and let the model complete the
answer




Zero-shot vs. Few-shot prompting

. —

» Examples help the model infer
the task, the format, and the
labels used.

* No model parameters are
updated — learning happens
“In context”




Modern prompts

User

Task: Analyze the following social media post.

For a post, classify:

Sentiment: Positive / Neutral / Negative
Emotion: Joy / Anger/ Sadness / Fear / None

Topic: Politics / Sports / Entertainment / Technology /
Other

Toxicity: Toxic / Not toxic

Stance toward Al: Support/ Oppose / Neutral / Not
applicable

Return your answer as JSON.

Example input: ‘I can't believe they're
replacing even more workers with Al This is
getting ridiculous

Example output:

{

"sentiment": "Negative',
"emotion": "Anger",
"topic": "Technology",
"toxicity": "Not toxic",
"stance ai1": "Oppose”

;

Now classify: “The new Al assistant saved me
hours of work today”




Getting Predictions From LLMs

* LLMs produce probabilities over
tokens!

User

~

 Two common ways to obtain a Whatis 2522
prediction:

S P(4 | 2+2=7) = 0.6
- Generate: ask the model to ’
: P(5 | 2+2=?) = 0.3

produce the output label and
parse the response.

- Score: use the probability the
model assigns to each label.



- Generate: ask the model to
produce the output label and
parse the response.



Challenge #1: Output Formatting

 LLMs generate free-form text

 Data pipelines need predictable,
machine-readable outputs

* Prompting alone does not
guarantee the requested format

« Common problems: extra prose,
invalid JSON, missing fields,
wrong labels

Using NOAA Weather... W UNVERIFIED 3

REQUEST TO NOAA WEATHER

{

"coordinates": [
"49.7128,-74.0060", // New York City, NY
"34.0522,-118.2437", // Los Angeles, CA
"41.8781,-87.6298", // Chicago, IL
"29.7604,-95.3698", // Houston, TX
"33.4484,-112.0740" // Phoenix, AZ

ApiSyntaxError: Could not parse API call kwargs as JSON: exception=Expecting value: line

3 column 25 (char 45) url=http://localhost:3333/multi_city_forecast json_text={
"coordinates": [

"40.7128,-74.0060", // New York City, NY

"34.0522,-118.2437", [/ Los Angeles, CA

"41.8781,-87.6298", /[ Chicago, IL

"29.7604,-95.3698", [/ Houston, TX

"33.4484,-112.0740" /| Phoenix, AZ

]
}

Using NOAA Weather... Y UNVERIFIED 3%

ApiSyntaxError: Could not parse API call kwargs as JSON: exception=Expecting value: line
3 column 25 (char 45) url=http://localhost:3333/multi_city_forecast json_text={
"coordinates": [

"40.7128,-74.0060", /| New York City, NY

"34.0522,-118.2437", /[ Los Angeles, CA

"41.8781,-87.6298", /[ Chicago, IL

"29.7604,-95.3698", [/ Houston, TX

"33.4484,-112.0740" /| Phoenix, AZ

]

}

Used NOAA Weather Y UNVERIFIED



Solution: Constrained Decoding

e Sometimes we can verify which g |

:

outputs are valid! —

- Only a few tokens are valid (Yes/No) whitespace |—(: }—] value :j

- We can specify a grammar that only
generates valid outputs.

e |dea: use this information to

“mask” which tokens are valid! Token  Probability

positive .60

e (Guarantees structure, not lntehgatkive (Z)g
N :

correctness! Positive 04

—(D—

Masked

]
29



- Score: use the probability the
model assigns to each label.



Challenge #2: Tokens #* Labels

User

* | L Ms output probabilities over =

How positive is this review?

tokens, not labels. It was pretty good!”

Labels: Very Positive / Positive /
Negative / Very Negative

* A label may correspond to one or
multiple tokens.

Token  Probability

e Tokenization can therefore affect Positive .38
: : . : V 4
seemingly simple classification tasks. Negative P

| think 04



Solutions

User
Ensure the labels are a single How positive s this review?
tOken "It was pretty good!”
Labels:
Compute the joint probability of A= Very positive
_ . B = Somewhat positive
all tokens In each candidate label C = Somewhat negative

D = Very negative

Ask for the label probabilities.

Caveat: Post-trainin g distorts P(Very positive) = P(Very) x P( positive | Very)

calibration!



Prompting Is surprisingly brittle

[...]

Review: the whole thing's fairly lame, making it par

* Small changes to a prompt can f°f”‘e;On“sfj:ef;fﬁ;”:ﬂyqu“9'5-
cause large changes in
perfO rmance Review: this quiet, introspective and entertaining

independent is worth seeking.
Answer: Positive

 Example selection and ordering

can matter -

Review: this quiet, introspective and entertaining
independent is worth seeking.
Answer: Positive
» Effects vary across tasks and
models Review: the whole thing's fairly lame, making it par
for the course for Disney sequels.
Answer: Negative




Prompting Is surprisingly brittle

[...]
MOdern mOdeIS dare better- . - Review: the whole thing's fairly lame, making it par

for the course for disney sequels.
Answer: Negative

... but prompt sensitivity remains

an impOrtant source Of Review: this quiet, introspective and entertaining
. independent is worth seeking.
measurement variance. Answer: Positive

Best practice: evaluate across R i
eview: this quiet, introspective and entertaining
pProm ptS : independent is worth seeking.
Answer: Positive
PrOmpt engineering: flnd the Review: the whole thing's fairly lame, making it par
beSt prOmpt fOr yOur taSk' for the course for Disney sequels.

Answer: Negative



Evaluation ideas from ML hold!

e Create a development set for Test
designing and iterating your

prompt! Validation

 Keep a held-out test set for final
evaluation.

Tram

o Compare prompt variants using
meaningful metrics!




But also, new problems emerge!

e | | Ms are trained on massive :) COChrane

amounts of Internet data

-
* Your questions and answers

may be in the training data

Find studies
Find
systematic

* Models may “cheat” and Syr— Soma
perform well in unexpected evidence

Ways ' -
Answer Answer
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DSPy: Beyond Manual Prompts

DSPy Current ~ & Q

 Programmatic way to specity Program, don't promt,

your LLMs.

what the LLM should do

Express your tasks as structured signatures, not prompts, to
produce maintainable, modular, and optimizable programs.

 DSPy automatically searches .

for instructions and examples
that improve performance

 Prompts as hyperparameters




Retrieval Augmented Generation

e Search for information to add User
to the prOm pt “Can an employer be held liable for X?"
e [ypically, you have a separate User
database with relevant datal o
<retrieved text>
Smith v. Jones (2019)
° YOU may Want tO SearCh in "...an employer may be liable when..."
th|S database USing Doe v. Acme Corp. (2023)
- "...the court distinguished.. "
cm bed d IN gS' </retrieved text>

“Can an employer be held liable for X?"




Agentic RAG

* Alternative approach:
teach the LLM to use a
search tool!

* \Jery common In, e.q.,
Claude Code.

User

~

“Can an employer be held liable for X?"

Assistant
| should search for legal precedent...
Run query(“Can an employer be held liable
for X?")
<retrieved text>
Smith v. Jones (2019)
"...an employer may be liable when.. "

Doe v. Acme Corp. (2023)
"...the court distinguished.. "
</retrieved text>




Qualitative Coding with LLMs

6 Steps to Doing a Thematic Analysis

 LLMs can help develop a
codebook, not just apply one

aaaaaaaaaaaaaaa

HMM... THIS Lo0KS
INTERESTING!

* E£.9., give the model a sample
of qualitative data and ask it e
to identify recurring themes

e |teratively merge, split, and
refine codes.




Simulating People with LLMs

 LLMs can be prompted to

simulate how a particular 0D s@;jﬁ
. B e
p e rSO n m I g ht res p O n d . = Human Participants Simulations

2-hr Audio Interview .
. _ . _ (Avg. 6,491 words) Generative Agents
e Given information about said
the American Voices Project as agent memory
dem hi
person, e.g., aemaograpnics,
ttitud Intervi
) Actual participant responses Simulated participant responses
-t . -t General Social Survey (177 Iltems) General Social Survey (177 Items)
ra n S C r I p S Big Five Personality Inventory (44 Items) Big Five Personality Inventory (44 Items)
Economic Games (5 Items) Economic Games (5 Items)
eeeeeeeeeeeeeeeeeeeeeeeeeeeee Behavioral Experiments (5 Items)

» Park et al. (2 02 6): 83% of \’ i o ettt i corbereney _
accuracy GSS questions



https://arxiv.org/pdf/2411.10109



https://tinyurl.com/reasoningwithdata
https://tinyurl.com/reasoningwithdata

