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What are foundation models?

Conventionally, if you want a model 
to do task T, you have to… 

1. collect lots of labeled data for T 
(e.g., supervised learning) 

2. design a suitable architecture 

3. initialize it randomly 

4. train and validate
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This shift happened largely 
over the past 4-8 years.

But now…



What might we want from foundation models?

1. Language: Understand our requests. 

2. Knowledge: Know enough about the world to be useful. 

3. Alignment: Actually follow our instructions. 

4. Capability: Be effective at following them. 

5. Safety: But don’t do destructive things, even if asked. 

6. In-Context Learning: Learn new skills quickly from examples. 

7. Reasoning: Think longer, consider alternatives, and correct itself if needed. 

8. Retrieval and Tool Use: Search for information if it’s not sure. 

9. …
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How?



Deep Learning: Data is the most important element

• One perspective: We aren’t very good at designing detailed 
inductive biases for our world and languages. 

• Design them by data! This is extremely iterative and heuristic. 

• People used to filter out any snippets on the Web that looked 
like they contained code (e.g., curly braces “{“). 

• Now, you pay special attention to having lots of good code!
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Self-Supervised Learning: What can language modeling on Web text do?

• The Eiffel Tower is located in ________, France. [factual knowledge] 

• She crossed the street, checking for traffic over ___ shoulder. [syntax & coreference] 

• The value I got from the two hours watching this movie was the sum total of the 
popcorn and the drink. The movie was ___. [sentiment] 

• A shirt is $40 but we have a 25% discount; the sale price is $___. [math word problems] 

• You are Albert Einstein. You solved this tricky physics problem… [prompting!!] 

• def solve(problem): _________ [code generation] 

An early bet: The only way an LLM can reliably predict the next token at scale is if it 
can model the complexity of the phenomenon the text revolves around! (??)

6 Slightly modified examples from John Hewitt and Chris Manning.



“Train on the Web”

• Must crawl pages, starting from seed links! 

• The average page is useless gibberish. How to handle this? 

• Idea #1: Over-sample certain sites! Wikipedia, arXiv, GitHub? 

• Idea #2: Filter based on known heuristics! Upvotes? PageRank? 

• Idea #3: Ask an LLM to “assess quality” and distill into a tiny model. 

• Pages that remain still need a ton of cleaning and deduplication… 
HTML, JavaScript, Boilerplate → clean text for next token prediction.



Example of Data 
Details. For SmolLM3.



Then you may babysit the training runs…

• You monitor the loss over time. 

• You watch out for spikes in loss or gradient norm. Stability is hard! 

• You also track some evals… 

• Why does deep learning generalize so well? 
In part, because we work so hard and evolve decisions until it does!

2 OLMo 2 Furious (2025)



How do you know your model is any good?

• Loss on pre-training validation set (avg cross-entropy across tokens) 

• Perplexity (PPL) = e ^ L 

     Intuition: “On avg, the model is as uncertain as selecting between PPL equally-likely options.” 

     What’s attractive about this? (Universal & smooth!)

GPT-2 (2018)



Category Representative Dataset Example

Cloze tasks 
(LM-like but selective) LAMBADA (’16) "Preston had been the last person to wear those chains. [...] 

But he put down the ____“ (chains)

General Language 
Understanding SuperGLUE (’19) Is windows movie maker part of windows essentials? (Yes/No)

General Knowledge & 
Problem Solving MMLU (’20) what is the agenda for hollande’s state visit to washington

Instruction Following IFEval (’23) can you make and receive calls in airplane mode

“Deep Research” HotPotQA(’18), HoVer (’20), and 
BrowseComp (’25)

“Which MVP of a World Series game in which Red Flaherty 
umpired was later elected to the Baseball Hall of Fame?”

Code Generation HumanEval (’21), SWE-Bench (’23) “Write a Python snippet implementing: From a list of integers, 
remove all elements that occur more than once”

Computer Use OSWorld (’24), AppWorld (’24) “Approve all Vennmo payment requests from my roommates 
from this month.”

Live Human Usage! Chatbot Arena (2023–) People ask hard questions, e.g. tricky coding problems or 
personal assistant requests, and vote on anonymous LLMs!



ML is in a deep evals crisis… 
Contamination. How do you ensure benchmarks are not in your pre-training data? 

Explicit hill-climbing. By ‘23, LLMs switched from “few-shot learners” to 
aggressive training & validation on all benchmarks. (Sometimes test sets, too! Hopefully at least transparently!) 

Emergence. Capabilities “emerge” from lots of data. This often makes it easier to 
build a system for task T than to reliably evaluate capability T!

Let’s Verify Step by Step (2023)



“You have a specific budget of compute, e.g. 
1024 H200s for a month. 

What training run should you launch to get the 
best performance?”



Many decisions… Larger model? Crawl more data?

• Data: Which of several different data mixtures do I use? 

• Architecture: Do I train a Transformer, a modified 

Transformer, an LSTM, or a newer architecture? 

• Hyperparams: optimizer, depth/width, learning rate, … 

What would most do in a small-scale course project?
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Idea #1: Train M models on equal compute each. Pick best!

• e.g., Train 30 models and pick best on validation! 

• Sometimes make the model a bit bigger (but use less data). 

• Sometimes make the data a little bigger (but use fewer params). 

Challenges? 

• Then your final model used only 1/30 of your budget…
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Idea #2: Tune hyperparams at small scale!

• Then just copy them over and run them at large scale. 

• Challenge? 

• … turns out they don’t transfer so easily! 

• Best choice at small scale may not be the same at larger scale. 

• As an extreme example, at small scale, sometimes overly strong 
inductive biases might appear to pay off better.
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Idea #3: Scaling Laws

Basic idea: There is a predictable relationship between the 
performance of models and the compute used to train them.

Learning Curves: Asymptotic Values and Rate of Convergence (1993!) 
Scaling Laws for Neural Language Models (2020)17

If we can exploit this relationship to 
make predictions, then maybe we could 
train and tune many smaller models 
with small amounts of data, and 
extrapolate?



How does validation loss scale with data and parameters?

• decoder-only Transformer (“GPT”) 

• data: WebText2, 96GB of text,  tokens 
1024 token context 

• vary model size: 390k - 1.5 billion non-embedding parameters 
• and data size: 22M - 23B tokens, among other axes 

• compute = parameters x batch x steps

2.29 ⋅ 1010
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Key Finding: power law relationships

L(X) = (1/X)α = X−α

validation  loss resource 
(data/parameters/ 

compute)
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But what’s the 
value of alpha? 
 
Varies with your 
pre-training design.

• scale X -> 2X      =>       Loss ->  Loss        (e.g., maybe loss reduces to 0.8x)2−α



How does the test loss scale as a function of data size?

If parameters and total compute are too large to be bottlenecks (“infinite”)…

Te
st
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ss

log scale

Kaplan*, McCandlish*, et al. “Scaling Laws of Neural Language Models,” 2020

log scale



How does the test loss scale with number of parameters?
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Kaplan*, McCandlish*, et al. “Scaling Laws of Neural Language Models,” 2020

If tokens and total compute are too large to be bottlenecks (“infinite”)…



How does the test loss scale with available compute?

• power law too, if you allocate compute “optimally”

Kaplan*, McCandlish*, et al. “Scaling Laws of Neural Language Models,” 2020



How does the loss scale with parameters (N) and data (D)?

“Chinchilla” Training Compute-Optimal Large Language Models (2022)



How does the loss scale with parameters (N) and data (D)?

“Chinchilla” Training Compute-Optimal Large Language Models (2022)Chinchilla Scaling: A replication attempt (2024)



One approach for finding optimal (N, D)
1. Pick, say, 4 model sizes: 100M, 300M, 1B, 3B. 

2. Per size, launch training runs with different LR decay schedules (for, say, D = 20B, 60B, 
180B tokens). Record <compute FLOPs, possibly training loss> throughout training. 

3. Plot these values and find the lowest achievable loss at any compute C. 

4. Fit univariate power law for “optimal N vs. C” and/or “optimal D vs. C”. 

5. Extrapolate both to get optimal (N, D) for a given C. (Or use D ~= C/6N.)



Takeaways of Kaplan et al.

• test loss scales as power law of data, parameter count, and compute 

• test loss is more sensitive to parameter count than data: larger compute 
-> increase model by a larger factor than dataset size (later disputed!) 

• larger models require less data to reach same performance, so don’t train 
to convergence — instead: train larger models for fewer steps

This popularized a very different and new way of thinking. 
Is model (# of parameters) scale pretty much all you need?? 

(No, but it was a very useful illusion in some sense!)
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Scaling Laws caveats… Kaplan’20 vs. Chinchilla’22

DeepMind confirmed the power-law scaling but disputed the optimal 
allocation between data and parameters. Scale them equally! (sqrt of compute) 

Details: They fixed some hyperparameter decisions (data-dependent learning rate schedule) and 
experimented with much larger models (up to 16B in scale). They also counted parameters a little 
differently (embedding parameters counted). 

“Fixed training budget” vs. deployment. 
There’s a shift towards overtraining!



Suppose scaling laws hold indefinitely. Would be awesome, right?

A power law means diminishing returns.

Chinchilla Scaling: A replication attempt (2024)

N (or D)

Is this worth 1000^2 
increase in compute?



Suppose scaling laws hold indefinitely. Would be awesome, right?

GSM8K (2021)



A power law means diminishing returns, but… 

Modern (and increasingly tiny!) models now 
massively surpass the performance predicted from 
pure scaling. How did that happen?

GSM8K (2021)

Model Score (ballpark)

GPT-3 175B (2020) 16%

PaLM 504B (2021) 18%

Qwen 2.5 3B (2024) 87%



Intuition: Let’s break training into stages!

• Start by pre-training on as much data as possible, even if the 
quality is not perfect. 

• Progressively switch to training on more carefully curated (and 
hence far smaller) datasets. 

• Models learns language and build very strong priors about the 
world in earlier stages. 

• Then use these as learning biases (for generalization!) in later 
stages that teach them the behavior we actually want.
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User/Assistant Templates!
<|im_start|>system 
broad system instructions 
<|im_end|> 

<|im_start|>user 
User request. 
<|im_end|> 

<|im_start|>assistant 
Visible response! 
<|im_end|>

For a while, initial post-trained 
models (InstructGPT) had no 
native separation between 
user and assistant turns.
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<|im_start|>user 
User Follow-up... 
<|im_end|> 
 
<|im_start|>assistant 
...



Idea: Demonstrations of desired behavior

This would use identical objective as pre-training 
(though supervised only for “output” tokens).
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Dataset Questions Example

SQuAD (’16) 100,000 human-crafted questions, 
about 500 Wikipedia pages Which NFL team represented the AFC at Super Bowl 50?

Natural Questions (’19) 100,000 Google queries can you make and receive calls in airplane mode

GSM8K (’21) 80,000 math word problems
Jimmy and Irene shop for clothes at a 10% discount. Jimmy 

picks out 3 shorts from the $15 rack. Irene grabs 5 shirts from 
the $17 rack. How much money do they pay?

OpenAssistant (’23) 160k conversation messages in 35 
languages, with 500k ratings

How do I ensure my content doesn't get scraped by AI 
researchers? (Omar: … ok that’s meta)



How do we get SFT data?

1. Actual deployed interactions. 

2. Data vendors, based on detailed specifications. 

3. Use your existing LLMs + complex processes to synthesize stuff!

34 InstructGPT (2021)



One perspective is that 

“almost all knowledge in 

LLMs is learned during 

pretraining” and even just 

1000 well-curated 
instruction data are 

needed to extract strong 

behavior from 65B model.

LIMA: Less is More for Alignment (2023)

GPT-3.5



There’s something to that understanding! 
 
But it’s probably too simplistic of a view today. 
True generalization is hard! (But diminishing returns is pretty much universal…)

The False Promise of Imitating Proprietary LLMs (2023)



SFT data is small (<<1M examples) and requires care…

• We need to think about generalization from few examples, on top 

of pre-training. 

• This can be extremely subtle at first… 

• Q: What is the population of <small town> in Mar’26? “A: 23,241 people” 

• Q: What is the capital city of the US? “A: Washington, D.C.” 

• What does the model learn from each of these…?
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Generalization? Both of these “fit the data”!

How do we know which one is “right”?



In good ways and bad, LLMs generalize compositionally.

[School of Reward Hacks: Taylor et al. 2025]



Fundamental challenges with SFT…

• Is there an objective, single right answer (demonstration) to teach? 

• What if there are many OK answers? 

• What if the model’s answer is even better than our human label? 

• Can the model actually learn the underlying process, which is 
required for generalization, from a bunch of demonstrations?
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Instead of defining a “right answer” for each prompt…

• What if we define a function R(x, y) that takes the prompt x and our 
model’s own response y and returns a “goodness” score? 

• Q1: How do we define R(x, y)? What do we want to maximize? 

• Q2: How do we maximize the expected reward? 

• Q3: How do we preserve generalization, even if our R(x, y) or our 
distribution of prompts is a little off?

41



Idea: RL from Human Feedback (RLHF)

• Show annotators multiple responses (by latest model checkpoint) for 
each prompt. Ask for a ranking from best to worst! 

Q: What do we do with these ratings, if our goal is ultimately to train 
with reinforcement learning? 

Maybe put humans in the training loop? Each step, ask the model to 
generate m responses and get a human to assign rewards?
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InstructGPT (2021)



It can be tricky to compare responses… even across models.

Screenshot from the LMArena.ai on Oct 28, 2025



Idea: RL from “Verifiable” Rewards (RLVR)

• Mainstream models focused on scaling RLHF for a few years. 
It works but doesn’t maximize technical capabilities very rapidly… 

• A simpler view is “supervised RL”. 

• Label answers (or other per-question rubrics). 

• Implement R(x, y) as a high-precision function, not a noisy reward 
model from (rather weak!) human or AI feedback. 

• Not particularly hard or new at all. But only scaled up in late 2024!
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Image Credit: Fang and Sankararama (2025)



Image Credit: Fang and Sankararama (2025)



Training explicit “reasoning” models that verbalize their chain of thought BEFORE 
producing the answer that the user or reward function sees. This produced extremely 
fast progress on math, coding, and instruction following over the past year!

48 OpenAI o1 release (2024) and Qwen 3 release (2025)



Simplest algorithm: Rejection Fine-Tuning (RFT) 
(aka filtered behavior cloning or guess-and-check; many other names)

• With your current model, for each prompt x, sample K responses. 

• Score each with R(x, y_i). Keep only responses with high reward. 

• Run an “offline” SFT job on the resulting <x, y> pairs. 

• Improvement: Online RFT. For a batch of prompts, sample rollouts 
and take an SFT gradient step to update the model. 

• This can actually take you rather far for many tasks…
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Why might this be insufficient?

1. We don’t learn anything from failed examples! 

2. We may memorize sub-optimal answers from early in training and 

fail to progress any further. 

3. We may diverge too far from the original model in a way that 

hinders generalization to *other* distributions of tasks.
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Policy Gradient Algorithms (REINFORCE)
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• We want to maximize the expected reward, J(θ). How? 

• Thanks to the policy gradient theorem, we can estimate the gradient on 
the left-hand side by just… 

• sampling rollouts y for inputs x and… 

• calculating the gradient of the log-probability of y, 

• weighted by the observed rewards.



RL on LLMs is still in its infancy… (and is barely RL so far!)



• Simple & Complicated: Good ideas are often simple! But may only shine 
when scaled. This takes a lot of engineering and attention to detail. 

• No Free Lunch: We need biases about our world for ML methods to 
generalize. How should we design such, potentially extensive, biases? 

• Data is Key: We build a general architecture, i.e. the Transformer, and 
train it on the world’s knowledge so it encodes structure from data. 

• Iterating is the Way: We tweak our models until they tend to generalize, 
then curate RL tasks so the model itself also learns from trial and error. 

Is this the right approach? TBD. But the resulting models are outstandingly 
powerful and also quite unreliable and full of unpredictable flaws.


