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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” 
                      language unifies previous AI studied in isolation—positive transfer 
 
  Translation 
  Answering questions 
  Obtaining information 
  Researching topics 
  Summarizing text 
  Planning, making decisions 
  Math calculations 
  Coding 
  …

4

}Any task you can tell a human 
to do on the computer



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

…



Language as 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)

“Where is Cornell Tech located?” “Roosevelt Island”

“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?



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”



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”



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,”



Predicting next tokens is just classification
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 is the incomplete input sequence,  is the next tokenx y

every possible token



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



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

Language as a function

language x

language f(x)

They are all just different functions 🤷



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


Costs
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& to really understand LMs

15Source: Manthan Patel, How Do Large Language Models Work?

learn all of these, implement simple versions

https://www.linkedin.com/posts/leadgenmanthan_how-do-large-language-models-work-the-diagram-activity-7374295584637181952-zWqR


So you train an LM and then somebody asks it…

16Universal and Transferable Adversarial Attacks on Aligned Language Models. Zou et al., 2023.



So you train an LM and then somebody asks it…

17AdvPrompter. Paulus*, Zharmagambetov*, Guo, Amos, Tian, ICML 2025.



So you train an LM and then somebody asks it…

18The Reversal Curse. Berglund et al., ICLR 2024.



So you train an LM and then somebody asks it…

19Towards understanding sycophancy. Sharma* and Tong* et al., ICLR 2024.



Summarizing an endless stream of errors…
Harmful information and misinformation 
Adversarial attacks (e.g., on code agents) 
Confabulations and hallucinations 
Suboptimality (e.g., reasoning, logic) 
Bias and fairness issues 
Sycophancy (being too agreeable)
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Why do these happen? Do they matter?

How do we patch or improve them for now? 
Model, training paradigm, data?

Can they be provably fixed? 
Or are they a fundamental limitation?

⚠ none of this is well-understood! many huge unsolved problems 
⚠ these are even hard topics for human language models 
 
👷 focus on products with user feedback loops (e.g., chat assistants, code agents)



The rest of this lecture

💡 RAG, code execution, MCP
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Language model deficiencies
Harmful information and misinformation 
Adversarial attacks (e.g., on code agents) 
Confabulations and hallucinations 
Suboptimality (e.g., reasoning, logic) 
Bias and fairness issues 
Sycophancy (being too agreeable)

Tool use Alignment

💡 DPO, PPO, GRPO

max
θ

𝔼x r(x, fθ(x))



Problem: LMs can be bad at arithmetic
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Source: ChatGPT4.0 makes mistake adding

…what if we could just let the LM use a calculator?
…we can!! & many other tools

https://www.reddit.com/r/ChatGPT/comments/1d1wda1/chat_gpt_40_makes_mistake_adding_numbers/


How to use tools?

23Diagram Source: The Importance of Exploration for Test-Time Scaling by Aviral Kumar

Standard next-token prediction LM with tool use
1. predict the tokens of the tool

2. execute the tool and tokenize the output

predict output tokens directly 3. predict output tokens

https://www.youtube.com/watch?v=phOe7EPB6XM


Why does tool use help?

predicting tokens immediately: hard 
even for humans 

writing code to solve the task: easier

24

Source: ChatGPT4.0 makes mistake adding

https://www.reddit.com/r/ChatGPT/comments/1d1wda1/chat_gpt_40_makes_mistake_adding_numbers/


What kind of tools are there?

25Toolformer. Schick et al., NeurIPS 2023.



Takes us to MCP as a way of standardizing tools
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And retrieval augmented generation?
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Standard next-token prediction LM with tool use
1. predict the tokens of the tool

2. execute the tool and tokenize the output

predict output tokens directly 3. predict output tokens

plugs in just like other tools



And retrieval augmented generation?

28Source: What is Retrieval Augmented Generation? Learn All You Need to Know

https://datasciencedojo.com/blog/guide-to-retrieval-augmented-generation/


Further reading on tools

29A Comprehensive Overview of Large Language Models. Naveed et al., 2023.



Further reading on RAG

30Retrieval-Augmented Generation for Large Language Models: A Survey. Gao et al., 2024.



This lecture

💡 RAG, code execution, MCP
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Language model deficiencies
Harmful information and misinformation 
Adversarial attacks (e.g., on code agents) 
Confabulations and hallucinations 
Suboptimality (e.g., reasoning, logic) 
Bias and fairness issues 
Sycophancy (being too agreeable)

Tool use Alignment

💡 DPO, PPO, GRPO

max
θ

𝔼x r(x, fθ(x))



Alignment covers a lot of topic
Anything that helps align models to human preferences
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Image source: InstructGPT and here

https://arxiv.org/abs/2203.02155
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised


Alignment in this lecture
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1. Preference optimization 2. Reward optimization

💡 DPO and variants 💡 PPO, GRPO, and variants



Preference optimization data
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supervised input-output pairs

SFT data
two supervised input-output pairs

Source: Anthropic/hh-rlhf

chosen rejected

encourage this response
discourage this response

https://huggingface.co/datasets/Anthropic/hh-rlhf


Original preference optimization: InstructGPT

35Training language models to follow instructions with human feedback. Ouyang et al., 2022.



Direct policy optimization (DPO)
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chosen (winner) rejected (loser)

Direct Preference Optimization: Your Language Model is Secretly a Reward Model. Rafailov et al., 2023.

Many variants afterwards (KTO, IPO, CPO, …)



Alignment in this lecture
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1. Preference optimization 2. Reward optimization

💡 DPO and variants 💡 PPO, GRPO, and variants



Reward optimization

max
θ

𝔼x r(x, fθ(x))
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Model parameters
Prompts

Reward function
Responses to the prompt

What can the reward function be?

Many possibilities!! 
 
Query humans, ask for numeric value 
Preference model (Bradley-Terry) 
Verifiable reward functions 
Judge models

How to solve?

Proximal policy optimization (PPO) 
Group relative policy optimization (GRPO) 
Many variants, other RL methods



PPO and GRPO
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notation heavy, but all well-defined and easy-to-compute terms

DeepSeekMath, DeepSeek-R1

Main difference 
GRPO—estimate advantage empirically like this 
PPO—estimate advantage with a model e.g. Aθ(oi |q)



Combining tool use and GRPO 🚀

40VerlTool: Towards Holistic Agentic Reinforcement Learning with Tool Use. Jiang et al., 2025.



And conflicting preferences?
Preference and reward optimization only optimize for the average preference 

What if humans have conflicting preferences on how the model should respond? 
Societal and community alignment, as well as personalized models
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Social value alignment of language models

42Cultivating Pluralism In Algorithmic Monoculture: The Community Alignment Dataset. Zhang et al., 2025.



Further reading on RLHF
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Takeaways
LMs have many issues 

Tools help: increases functionality, reliability, and modularity 

Alignment methods help: optimize for human preferences
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⚠ far from solved, many issues remain 

😱 solutions can even introduce new issues 
     e.g., over-optimizing and reward hacking
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Language model deficiencies
Harmful information and misinformation 
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