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My research: AI     Optimization 
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*but not parameter optimization
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My research on language model safety
📚 AdvPrompter: Fast Adaptive Adversarial Prompting for LLMs [ICML 2025] 
📚 AdvPrefix: An Objective for Nuanced LLM Jailbreaks [NeurIPS 2025]
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My research on language model alignment
📚 Cultivating Pluralism In Algorithmic Monoculture: The Community Alignment Dataset [arXiv 2025]
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My research on coding agents
📚 AlgoTune: Can Language Models Speed Up Numerical Programs? [NeurIPS D&B 2025]
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This talk
A light introduction to my favorite basics 

Non goal: teach you everything in an hour 😵💫 
Goal: help you form a roadmap to navigate the field 🧭 
Understand what’s out there, learn how to learn 

Many many many online materials to go deeper into! 

Goal: be interactive, answer questions you may have along the way
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Questions from the registration
1. Fundamentals, how they work? Costs? Limitations? How to generate images? 

2. Is it possible for an LM to produce unique and original work? 

3. Should we have safety, ethics, and environmental concerns? 

4. Can AI improve itself?
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This talk
1. Why study language models? 

2a. Language as a function (tokenization and the transformer) 
2b. Training (how to fit the function) 

3. What’s next?
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Why language??
🤔 Philosopher and linguist: language is central to human intelligence 

👷 Engineer: language conveys tasks and instructions — “do X, Y, Z” 
  Translation 
  Answering questions 
  Obtaining information 
  Researching topics 
  Summarizing text 
  Planning, making decisions 
  Math calculations 
  Coding 
  …
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}Any task you can tell a human 
to do on the computer
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Why language models??
It’s impossible to write a symbolic program for non-trivial tasks 

  Translation 
  Answering questions 
  Obtaining information 
  Researching topics 
  Summarizing text 
  Planning, making decisions 
  Math calculations 
  Coding 
  …
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If user says , return X1 Y1

If user says , return X2 Y2

If user says , return X3 Y3

…
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Why study language models??
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User
Understand their strengths and weaknesses to best use them

LM Developer
Build the next generation of them

Software and application developer
Build software tooling around them and new applications

Researcher in other fields
Integrate LM with other models, extract knowledge from the LM

*a non-exhaustive list 🙃
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What is a model?
Model: an informative and simplified representation of something 
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Physical models — e.g., Newton-Euler equations of motion
M(qt)··qt + n(qt, ·qt) = τ(qt) + But

Statistical models — e.g., fitting distributions to data

(statistical) language models
*can also have other language models, e.g., symbolic
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A model is just a function
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stochastic

Usual functions

a number x

a number f(x)

1 1
2 2.5
3 5

x f(x)

Language as a function

language x

language f(x)

“What is the capital of the Philippines?” “Manila”

“Write a polite email” “Dear [name], thank you…”

“What is 1+1?” “2”

x f(x)

Modeling: how to define the function?

Learning: how to find the function?

Tokenization: how to mathematically represent language?
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The function: predicting the next words
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(tokens)

Input: “once upon a time,”

Language model — function predicting the next word (probability)
(“once upon a time,”)f

Output: “once upon a time, there”
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The function: predicting the next words
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(tokens)

Input: “once upon a time, there”

Language model — function predicting the next word (probability)
(“once upon a time, there”)f

Output: “once upon a time, there lived”
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Continue repeating…
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Output: “once upon a time, there lived a 
small and curious fox named Ember who 
wandered beyond the forest edge seeking 
hidden secrets in moonlit glades.”

Input: “once upon a time there,”
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You have probably seen many models…
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Vol.:(0123456789)

Discover Artificial Intelligence           (2025) 5:203  | https://doi.org/10.1007/s44163-025-00334-5 
 Review

Retrieval-Augmented Generation (RAG), !rst proposed in 2020, aims to improve a model’s generative abilities by 
providing access to external data [202]. This generally includes a collection of documents containing knowledge (e.g., 
Wikipedia) and a pre-trained retriever attached to a standard LLM. The retriever encodes a user’s query and pulls relevant 
documents. The documents are combined with the user’s original query to form a single prompt. This allows the LLM to 
access a large base of information without retraining. Additionally, document citations can be provided. Naturally, this 
helps to factually ground model results even when the concern of outdated information is not present. New research in 
this area improves on the RAG framework by training an LLM to know when to ask for more information [203]. Multiple 
possible documents are then added to the prompt to generate a range of possible outputs, which the LLM critiques to 
select the best. Similar in spirit to RAG, LLM’s have become a target of integration with search engines, where the model 
essentially searches the internet and synthesizes a response to user queries [204].

3.4  Practical challenges and concerns

Although LLMs are incredibly versatile and powerful, they inherit a number of limitations. From the standpoint of build-
ing and using such models, computational costs are extreme [205]. Large models typically have tens, or even hundreds, 
of billions of parameters. These models require specialized and expensive GPU clusters to train and perform inference 
at scale. This lack of scalability is being addressed in two primary ways. First, as discussed in Sec."3.1, (much smaller) 
encoder-only models continue to show promise in specialized tasks via !ne-tuning. Second, smaller decoder-only models 
(especially in edge environments) are increasingly capable, though they often require !ne-tuning [206].

With models built and available, perhaps the chief advantage of LLMs—the diversity and #exibility of the output—
leads to many enormous challenges [207]. The models are a re#ection of their training data, which can lead to inadvert-
ent discovery and reinforcement of problematic patterns. Bias [208–210] and fairness concerns [211, 212], including 

Fig. 5  Evolution of Language Models in the recent decade. The tree diagram illustrates the development of major language models, catego-
rized into Encoder-only (orange, left-branch), Decoder-only (middle-branch, gree), and Encoder-Decoder (right-branch, yellow) models. The 
!gure highlights the progression from early foundation models such BERT and GPT to large modern releases including Gemini 2.0, GPT−
4.5, and DeepSeek. We include a logo beside each model to the developer. The Y-axis indicates the year of release of the models. The hollow 
boxes are open-source models, while the solid boxes are closed-source models. The stacked bar plot in the bottom right corner shows the 
number of major models released by various developers

📚 A review of large language models and the recommendation task 📚 Attention is all you need
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You have probably seen many models…
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Language as a function

language x

language f(x)

They are all just different functions 🤷
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These are big functions…
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Usual functions

a number x

a number f(x)

Input dimension: 1 
Output dimension: 1

Input dimension: many millions+ for a sequence 
Output dimension: 128k+ per word, millions+ for a sequence 
(depends on the input, output, representation)

Language as a function

language x

language f(x)
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And how about parameters?

Fitting a 1D Gaussian — 2 parameters (the mean  and variance ) μ σ2

24

Language models? billions, trillions, and more parameters 🤯 
(depends on the model and capacity)
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These are big functions…
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Slide credit: CMU 11868, Lei Li

(a billion!)

(a trillion!!!)

parameters (billions)

https://llmsystem.github.io/llmsystem2025spring/assets/files/llmsys-01-intro-cd7350c64ac8b720a51aa45a52e9fa50.pdf
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The training process
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Slide credit: CMU 11868, Lei Li

https://llmsystem.github.io/llmsystem2025spring/assets/files/llmsys-01-intro-cd7350c64ac8b720a51aa45a52e9fa50.pdf
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Training: mapping the internet to parameters
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Slide credit: Intro to LMs, Andrej Karpathy

https://www.youtube.com/watch?v=zjkBMFhNj_g
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How and why do they work?
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Slide credit: Intro to LMs, Andrej Karpathy

https://www.youtube.com/watch?v=zjkBMFhNj_g
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Slide credit: Intro to LMs, Andrej Karpathy

https://www.youtube.com/watch?v=zjkBMFhNj_g
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How to train your ChatGPT
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Slide credit: Intro to LMs, Andrej Karpathy

https://www.youtube.com/watch?v=zjkBMFhNj_g
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Costs
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Where do we go from here?
LMs still have many many many many many many many problems 
e.g., safety, hallucinations, misalignment, misinformation, slop, fairness, bias, … 

Needs help from fields like sociology, cognitive science, linguistics, ethics 

How to fix? It’s an open research question 
Best path for now is more data + better mechanisms 

Capability improvement — continue getting better at tasks 
e.g., better at games, more creative, better coder and software engineer, …
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Evaluations: how to track progress?
Many many many evaluations and ways to track progress, one of them:
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https://lmarena.ai/leaderboard
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How do language models reason?
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How do language models reason?
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How to integrate language with tools?
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Takes us to MCP as a way of integrating tools
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Going beyond language 🚀 — Vision-Language Models (VLMs)
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Input Image

Input question 1

Input question 2

Input question 3

Input question 4

Response 1

Response 2

Response 3

Response 4

Slide credit: Vision language models explained

https://huggingface.co/blog/vlms
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Going beyond language 🚀 — Vision-Language Models (VLMs)

41

Input Image

Input question 1

Input question 2

Input question 3

Input question 4

Response 1

Response 2

Response 3

Response 4

Slide credit: Vision language models explained

inputs x

outputs  f(x)

A VLM is also just a function 🤷

https://huggingface.co/blog/vlms
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Many VLMs out there too
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Slide credit: Vision language models explained

https://huggingface.co/blog/vlms
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And back to the questions
1. Fundamentals, how they work? Costs? Limitations? How to generate images? 
Hope this talk has helped :) Many open questions 
Image generation: see diffusion and flow models (a separate large topic) 

2. Is it possible for an LM to produce unique and original work? 
Generalization is a large question but leaning towards yes 

3. Should we have safety, ethics, and environmental concerns? 
Within reason, yes! Many nuanced discussions out there for specific issues 

4. Can AI improve itself? Yes! See MLEBench and related papers
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Going deeper with your studies
Take a reductionist approach — break into small, manageable pieces 

And to really understand… 
 
    “what I cannot create, I do not understand”  -Richard Feynman 

Reimplement small pieces from scratch (e.g., transformer, tokenization)
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