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and  
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What are 
foundation models?

What is 
generative AI?

How are  
these connected?
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The Bitter Lesson

4

Richard Sutton, ’The Bitter Lesson’ (2019).  
Published online at ‘http://www.incompleteideas.net/IncIdeas/BitterLesson.html'.

The biggest lesson that can be read from 70 years of AI research is that 
general methods that leverage computation are ultimately the most 
effective, and by a large margin.

“

Richard Sutton 
 (2019) 

http://www.incompleteideas.net/IncIdeas/BitterLesson.html
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The Bitter Lesson: Historic Patterns
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1997

Deep Blue  
wins against  

Garry Kasparov

2016

AlphaGo 
wins agains 
Lee Sedol

deep learning-
powered search 

and self play

massively 
parallelized  

tree searches

https://www.sciencedirect.com/science/article/pii/S0004370201001291
https://www.nature.com/articles/nature16961
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Move 37

6

2016

AlphaGo 
wins agains 
Lee Sedol

AlphaGo's Move 37 was 
surprising and creative:

The system had learned to make 
moves that seemed counterintuitive 
but were strategically sound.

https://www.nature.com/articles/nature16961
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The Bitter Lesson: Historic Patterns
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1997

Deep Blue  
wins against  

Garry Kasparov

2024

AlphaFold 3 
sets new record 
in protein folding

2016

AlphaGo 
wins agains 
Lee Sedol

deep learning-
powered search 

and self play

massively 
parallelized  

tree searches

removed biological 
priors of previous 

AlphaFold architecture

… and we find similar historic patterns in computer vision.  
and natural language processing.

https://www.sciencedirect.com/science/article/pii/S0004370201001291
https://www.nature.com/articles/s41586-024-07487-w
https://www.nature.com/articles/nature16961
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The Bitter Lesson: Search and Learning
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Search and learning are the two most important classes of techniques 
for utilizing massive amounts of computation in AI research.“

The bitter lesson is based on the historical observations that 
1. AI researchers have often tried to build knowledge into their agents, 
2. this always helps in the short term, and is personally satisfying to 

the researcher, but 
3. in the long run it plateaus and even inhibits further progress, and 
4. breakthrough progress eventually arrives by an opposing approach 

based on scaling computation by search and learning. 

“
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The Bitter Lesson: General Purpose Methods
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One thing that should be learned from the bitter lesson is the great 
power of general purpose methods, of methods that continue to 
scale with increased computation even as the available computation 
becomes very great.

“
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What is a foundation model?
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– On the Opportunities and Risks  
of Foundation Models 

Bommasani et al., (2021)

A foundation model is any model that is trained on broad data  
(generally using self-supervision at scale) that can be adapted  
(e.g., fine-tuned) to a wide range of downstream tasks.

“
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x  ➝ unsupervised or self-supervised training
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AI

target 
variable

supervised training x  ➝  y

1 task → 1 dataset → 1 model

input 
data

<latexit sha1_base64="6yuCsdrpFwL5joYndiIFpM8dW0U=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY8kXjhCIo8ENmR2aGBkdnYzM2skG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeTu7nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZ466dcxolByZaLhokgJiLzr8mAK2RGTC2hTHF7K2FjqigzNpuCDcFbfXmdtK7KXqVcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOuZjQ0=</latexit>x

<latexit sha1_base64="Y6RsQCyd3wq6KsK/FO8hvVz/4GU=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vjw0mML9gPaUDbbSbt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkfu53nlBpHssHM03Qj+hI8pAzaqzUnA5KZbfiLkDWiZeTMuRoDEpf/WHM0gilYYJq3fPcxPgZVYYzgbNiP9WYUDahI+xZKmmE2s8Wh87IpVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGdn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNkUbgrf68jppX1e8aqXavCnX6nkcBTiHC7gCD26hBnVoQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwB7R2NDg==</latexit>y

<latexit sha1_base64="D7CS78iErNjIzyNUtZb1qokNCM4=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BItQL2VXpHoseOmxgv2A7VKyabYNzSZLMiuWpT/DiwdFvPprvPlvTNs9aOuDgcd7M8zMCxPBDbjut1PY2Nza3inulvb2Dw6PyscnHaNSTVmbKqF0LySGCS5ZGzgI1ks0I3EoWDec3M397iPThiv5ANOEBTEZSR5xSsBKfjTow5gBqT5dDsoVt+YugNeJl5MKytEalL/6Q0XTmEmgghjje24CQUY0cCrYrNRPDUsInZAR8y2VJGYmyBYnz/CFVYY4UtqWBLxQf09kJDZmGoe2MyYwNqveXPzP81OIboOMyyQFJulyUZQKDArP/8dDrhkFMbWEUM3trZiOiSYUbEolG4K3+vI66VzVvHqtfn9daTTzOIroDJ2jKvLQDWqgJmqhNqJIoWf0it4ccF6cd+dj2Vpw8plT9AfO5w/M55D5</latexit>

f✓(x)

From Task-Specific to General-Purpose

‘dog’

classifier

e.g.,

1 general model → many tasks

The New Dogma 

• Train on massive, unlabeled data using self-
supervised or unsupervised objectives.

FM
<latexit sha1_base64="C2/Ta83x1gi0Bts85j4bBQrcQPw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY8kXjhCIo8ENmR2aGBkdnYzM2uCG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeTu7nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZ466dcxolByZaLhokgJiLzr8mAK2RGTC2hTHF7K2FjqigzNpuCDcFbfXmdtK7KXqVcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AO6hjQ8=</latexit>z

downstream tasks

• Learn general representations of the data that 
are used across countless downstream tasks.
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The Scaling Hypothesis

12

The strong scaling hypothesis is that, once we find a scalable 
architecture like self-attention or convolutions, which like the brain can 
be applied fairly uniformly [...], we can simply train ever larger [neural 
networks] and ever more sophisticated behavior will emerge naturally 
as the easiest way to optimize for all the tasks and data.

“

Gwern Branwen, ’The Scaling Hypothesis’ (2021).  
Published online at ‘https://gwern.net/scaling-hypothesis'.

Lecture 2: Learning at Scale

Branwen et al., (2021)

https://gwern.net/scaling-hypothesis
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Floating Point Operations Per Second (FLOPS)
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Measure of computational performance that counts how many floating-point arithmetic 
operations a computer can perform in one second.

FLOPS

Units and scale: 
FLOPS  = 1 operation per second 
KFLOPS = 1,000 FLOPS (kiloFLOPS) 
MFLOPS = 1 million FLOPS (megaFLOPS) 
GFLOPS = 1 billion FLOPS (gigaFLOPS) 
TFLOPS = 1 trillion FLOPS (teraFLOPS) 
PFLOPS = 1 quadrillion FLOPS (petaFLOPS) 
EFLOPS = 1 quintillion FLOPS (exaFLOPS)
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AI Models Over Time
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Epoch AI, ‘Data on AI Models’.  
Published online at ‘https://epoch.ai/data/ai-models'.

https://epoch.ai/data/ai-models
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AI Models Over Time
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Epoch AI, ‘Data on AI Models’.  
Published online at ‘https://epoch.ai/data/ai-models'.

https://epoch.ai/data/ai-models
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AI Models Over Time
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Epoch AI, ‘Data on AI Models’.  
Published online at ‘https://epoch.ai/data/ai-models'.

https://epoch.ai/data/ai-models
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AI Models Over Time
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Epoch AI, ‘Data on AI Models’.  
Published online at ‘https://epoch.ai/data/ai-models'.

https://epoch.ai/data/ai-models
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AI Models Over Time
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Epoch AI, ‘Data on AI Models’.  
Published online at ‘https://epoch.ai/data/ai-models'.

https://epoch.ai/data/ai-models
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Model Size Evolution of GPT

19

GPT-1 
117M 
(2018)

GPT-2 
1.5B 

(2019)

GPT-3 
175B

(2020)

…
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Model Size Evolution of GPT
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GPT-1 
117M 
(2018)

GPT-2 
1.5B 

(2019)

GPT-3 
175B

(2020)

GPT-4 
1.76T

(2023)
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Model Size Evolution of GPT
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GPT-1 
117M 
(2018)

GPT-2 
1.5B 

(2019)

GPT-3 
175B

(2020)

GPT-4 
1.76T

(2023)

Lecture 2: Learning at Scale
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Figure 2 | Training curve envelope. On the left we show all of our different runs. We launched a
range of model sizes going from 70M to 10B, each for four different cosine cycle lengths. From these
curves, we extracted the envelope of minimal loss per FLOP, and we used these points to estimate the
optimal model size (center) for a given compute budget and the optimal number of training tokens
(right). In green, we show projections of optimal model size and training token count based on the
number of FLOPs used to train Gopher (5.76 × 1023).

3.1. Approach 1: Fix model sizes and vary number of training tokens

In our first approach we vary the number of training steps for a fixed family of models (ranging from
70M to over 10B parameters), training each model for 4 different number of training sequences.
From these runs, we are able to directly extract an estimate of the minimum loss achieved for a given
number of training FLOPs. Training details for this approach can be found in Appendix D.

For each parameter count 𝐿 we train 4 different models, decaying the learning rate by a factor of
10× over a horizon (measured in number of training tokens) that ranges by a factor of 16×. Then, for
each run, we smooth and then interpolate the training loss curve. From this, we obtain a continuous
mapping from FLOP count to training loss for each run. Then, for each FLOP count, we determine
which run achieves the lowest loss. Using these interpolants, we obtain a mapping from any FLOP
count 𝑀, to the most efficient choice of model size 𝐿 and number of training tokens 𝑁 such that
FLOPs(𝐿, 𝑁) = 𝑀.4 At 1500 logarithmically spaced FLOP values, we find which model size achieves the
lowest loss of all models along with the required number of training tokens. Finally, we fit power laws
to estimate the optimal model size and number of training tokens for any given amount of compute
(see the center and right panels of Figure 2), obtaining a relationship 𝐿𝑂𝑃𝑄 ∝ 𝑀𝑅 and 𝑁𝑂𝑃𝑄 ∝ 𝑀𝑆. We
find that 𝑅 = 0.50 and 𝑆 = 0.50—as summarized in Table 2. In Section D.4, we show a head-to-head
comparison at 1021 FLOPs, using the model size recommended by our analysis and by the analysis of
Kaplan et al. (2020)—using the model size we predict has a clear advantage.

3.2. Approach 2: IsoFLOP profiles

In our second approach we vary the model size5 for a fixed set of 9 different training FLOP counts6

(ranging from 6 × 1018 to 3 × 1021 FLOPs), and consider the final training loss for each point7. in
contrast with Approach 1 that considered points (𝐿, 𝑁, 𝑇) along the entire training runs. This allows
us to directly answer the question: For a given FLOP budget, what is the optimal parameter count?

4Note that all selected points are within the last 15% of training. This suggests that when training a model over 𝑁 tokens,
we should pick a cosine cycle length that decays 10× over approximately 𝑁 tokens—see further details in Appendix B.

5In approach 2, model size varies up to 16B as opposed to approach 1 where we only used models up to 10B.
6The number of training tokens is determined by the model size and training FLOPs.
7We set the cosine schedule length to match the number of tokens, which is optimal according to the analysis presented

in Appendix B.
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Lecture 2: Learning at Scale

An LLM with 70B parameters (half the size of. GPT-3) 
but 4x more data outperforms GPT-3.
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Have we reached the limits of scaling laws?
As the latest generation of models have gotten bigger and more expensive, capabilities 
have started to plateau.

Epoch AI, ‘AI Benchmarking Hub’.  
Published online at ‘https://epoch.ai/benchmarks#data-insights'.

https://epoch.ai/benchmarks#data-insights
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Will we run out of data?
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Access to high-quality data, i.e., public human-generated text, has become a major bottleneck.

… what comes next? Lecture 13: Reasoning

Lecture 14: FM and Agents
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Human Cell Atlas 
64M cells 

11k donors

Overall 
200M cells 

>2000 studies

approx. data
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Example: Single-cell biology
a b

Transcriptomics

Genome and
epigenomics

Multimodal

Spatial

Tissue imaging
and histology

Lecture 9: FM in Biology
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Example: We have and are collecting petabytes of earth observation data.

Lecture 9: FM in Earth Sciences
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Lecture 2: Learning at ScaleLecture 5-9: Architectures

CS-461  ·  Foundation Models and Generative AI Charlotte Bunne

Ingredients of Foundation Models

1. Data 2. Compute 3. Model 4. Objective
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Compute is often the bottleneck that determines:

• What models you can train  

➝ size limits

• How fast you can iterate 

➝ research speed

• What problems you can solve 

➝ capability boundaries

• Who can participate in AI development  

➝ democratization vs. concentration


Modern reality: Training GPT-4 likely required ~25,000 GPUs running for months,                        
                           costing tens of millions of dollars.

Historical perspective: 

• 1990s-2000s: AI models trained on 
single CPUs


• 2010s: GPUs enabled deep learning 
breakthroughs


• 2020s: Massive clusters training 
trillion-parameter models


NVIDIA H100s
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Compute
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Generational evolution 
of NVIDIA  
A100 vs. H100 vs. H200
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Compute Index: NVIDIA A100 Clusters
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State of AI, ‘Report 2024’.  
Published online at ‘https://www.stateof.ai/2024'.

https://www.stateof.ai/2024
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Compute Index: NVIDIA H100 Clusters
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GPUs:10,752 GH200 
Performance ratio (optimistic):  
GH200 ≈ 1.5-1.6x H100

State of AI, ‘Report 2024’.  
Published online at ‘https://www.stateof.ai/2024'.

https://www.stateof.ai/2024
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Model: Universality of the Transformer Architecture 
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Core Innovations 
1. Positional Encodings

2. Attention

3. Self-Attention CS-433 Machine Learning

CS-552 Modern NLP

Initially designed for neural machine translation, it has become 
the de facto general-purpose neural network architecture.

A Transformer produces contextualized representations, 
i.e., numerical vectors that encode each input token along 
with relevant context from the input data.
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Model: Universality of the Transformer Architecture 
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By Architecture:

• Encoder-only (e.g., BERT for understanding and classification)

• Decoder-only (e.g., GPT for autoregressive generation)

• Encoder-decoder (e.g., T5 for sequence-to-sequence tasks)

I am a student

Lecture 5-7: Tokenization and Architectures

By Domain:

• Vision Transformers (ViT): treats image patches as tokens

• Multimodal Transformers (e.g., CLIP): connects vision and language

• Scientific Transformers (e.g., Evoformer of AlphaFold for protein/molecular modeling)

By Efficiency:

• Sparse attention variants (e.g., Longformer for very long sequences)

• Mixture-of-experts (e.g., Switch Transformer for massive scaling)
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Lecture 9: FM in Earth Sciences

AlphaEarth Foundations: An embedding field model for accurate and e!cient global mapping from sparse label data

Figure 1 | Embedding fields paradigm. (A) Error ratios across evaluations from the next-best
model/dataset to AlphaEarth Foundations (AEF). Classification errors (bars marked with *) are
measured in Balanced Error Rate kappa (BER𝐿), and regression errors are measured in MAE→1 (bars
marked with †). The pair of numbers on each bar indicate balanced accuracy (BA) for classification
tasks and MAE for regression tasks, with AEF on top and the next-best model/dataset below. Best-case
performance was selected independently for both the next-best model/dataset and for AEF by selecting
the most performant method of transfer (kNN k=1, kNN k=3, linear) for each evaluation. For each
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measurement contexts across 
multiple sources.

FM reconciles multiple sparse,  
non-uniformly sampled observation  
records into a continuous record,  
regardless of fluctuations in availability. 
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Figure 1 | Embedding fields paradigm. (A) Error ratios across evaluations from the next-best
model/dataset to AlphaEarth Foundations (AEF). Classification errors (bars marked with *) are
measured in Balanced Error Rate kappa (BER𝐿), and regression errors are measured in MAE→1 (bars
marked with †). The pair of numbers on each bar indicate balanced accuracy (BA) for classification
tasks and MAE for regression tasks, with AEF on top and the next-best model/dataset below. Best-case
performance was selected independently for both the next-best model/dataset and for AEF by selecting
the most performant method of transfer (kNN k=1, kNN k=3, linear) for each evaluation. For each
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downstream tasks

Strong performance  
across downstream tasks

AlphaEarth Foundations: An embedding field model for accurate and e!cient global mapping from sparse label data

Figure 3 | Detailed quantitative and qualitative results from select evaluations. The black dotted-
line indicates random chance for classification evaluations. Error bars indicate 1𝐿accuracy / R2

or →68.27% confidence interval by bootstrapping and k-folds when possible. Most baselines are
completely unable to explain evapotranspiration from our testing, achieving a negative 𝑀2, and so the
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Lecture 9: FM in Biology
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biological insights and experimentally testable hypotheses from the 
Human Cell Atlas.

A similarity metric for scRNA-seq
SCimilarity blends unsupervised representation learning and super-
vised metric learning through simultaneously optimizing two objec-
tives: (1) a supervised triplet loss function, which is used to embed 
expression profiles from matching cell types close together, integrating 
cells of the same type across studies13–15; and (2) an unsupervised mean 
squared error (MSE) reconstruction loss function, which encourages 
the model to preserve variation from the input expression profiles, 
capturing subtler differences in expression patterns within cells of the 
same type (Fig. 1b and Methods). Increasing the relative weight of the 
reconstruction loss improves querying performance, while increasing 

the relative weight of the triplet loss improves performance on dataset 
integration metrics16. We focused on a single (β = 0.001) model that 
best combined query sensitivity and integration performance (below).

We trained SCimilarity with tens of millions of cell triplets sam-
pled from data with author-provided standardized cell type anno-
tations from the Cell Ontology17 (Fig. 1b and Methods). Each triplet 
consists of an anchor, a positive and a negative cell: the anchor and 
positive cells are similar cells (that is, the same cell type) from differ-
ent studies, while the anchor and negative cells are dissimilar (that 
is, different cell types; from the same or a different study). Even with 
standardized Cell Ontology terms, some cell type comparisons are 
ambiguous due to differences in annotation granularity (for example, 
it is ambiguous whether cells annotated as ‘T cell’ in one study and 
‘CD4+ T cell’ in another are similar or dissimilar). SCimilarity therefore 
excludes triplets with positive and negative labels that have a vertical, 
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Fig. 1 | SCimilarity metric learning enables cell search in large human scale 
atlases. a, Cell querying with SCimilarity. Left, a query cell profile is compared 
to a searchable reference foundation model of 23.4 million profiles from  
412 studies. Middle, samples with similar cells are identified and returned with 
information about the original sample conditions, including tissue, in vitro or 
diseases contexts. Right, a SCimilarity score is computed between the query 
cell and each cell within a tissue sample. b, Triplet loss training. Left, 56 training 
and 15 test datasets with Cell Ontology annotations from across the body are 

used as input. Middle, cell triplets are sampled, each consisting of an anchor 
cell (A), a positive cell (P, anchor-similar) and a negative cell (N, anchor- 
dissimilar), based on Cell Ontology annotations. Only non-ambiguous 
relationships are allowed. Right, triplets are used to train a neural network that 
embeds similar cells closer than dissimilar ones, forming a foundation model. 
Treg, regulatory T cells. The loss function is computed using a cell triplet, a 
reconstructed anchor cell profile (Â), and a weighting parameter (β) to  
balance the triplet loss (Ltriplet) and the mean squared error loss (LMSE).
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… trained with a constrastive objective.

A foundation model for single-cell profiles trained on 7,886,247 single-cell profiles from 56 studies  
that enables researchers to query for similar cellular states across the human body.

https://www.nature.com/articles/s41586-024-08411-y
https://www.nature.com/articles/s41586-024-08411-y
https://www.nature.com/articles/s41586-024-08411-y
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Lecture 3-5: Generative Models

What is Generative AI?

Generative AI is a broad term that can be used for any AI system whose primary function is to 
generate content.  
 
This is in contrast to AI systems that perform other functions, such as classifying data, grouping data, 
or choosing actions.
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Learning through Generation
• Generative objectives provide rich training signals

• Forces models to understand deep patterns, not just surface features

Examples:

input context

GPT : autoregressive next-token prediction

predicted  
token

MAE : masking

Lecture 2: Learning at Scale
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LLMinput 
prompt

generated  
text

Large language models are generative models

Plotting the change in the distribution of long-
range contact precision at each transition
to a higher level of scale reveals an overall shift
in the distribution toward better performance
(Fig. 1D), as well as a subset of proteins that
undergo greater improvement. The accuracy
of the contact map prediction and perplex-
ity are linked, with proteins undergoing large
changes in contact map accuracy also under-
going large changes in perplexity [normalized
discounted cumulative gain (NDCG) = 0.87]
(SM A.2.6). This link indicates that the lan-
guage modeling objective is directly correlated
with the materialization of the folded struc-
ture in the attention maps.
To identify atomic-resolution information

in the model, we project out spatial coordi-
nates for each of the atoms from the internal
representations of the language model using
an equivariant transformer (SM A.3.3). This
projection is fitted by using experimentally

determined protein structures from the Pro-
tein Data Bank (PDB) (40) and evaluated on
194 CAMEO proteins (41) and 51 CASP14 pro-
teins (42). TM-score, which ranges from 0 to 1,
measures the accuracy of the projection in
comparison to the ground truth structure,
with a value of 0.5 corresponding to the thresh-
old for correctly predicting the fold (43). The
evaluation uses a temporal cutoff, which en-
sures that the proteins used for testing are held
out from those used in fitting the projection.
Thismakes it possible tomeasure how atomic-
level informationemerges in the representations
as a function of the parameter scale.
We discover that an atomic-resolution struc-

ture prediction can be projected from the rep-
resentations of the ESM-2 language models.
The accuracy of this projection improves with
the scale of the language model. The 15 billion
parameter model reaches a TM-score of 0.72
on the CAMEO test set and 0.55 on the CASP14

test set, a gain of 14 and 17% respectively rel-
ative to the 150 million parameter ESM-2
model (Fig. 1E). At each increase in scale a
subset of proteins undergoes large changes
in accuracy. For example, the protein 7QQA
improves in root mean square deviation
(RMSD) from 7.0 to 3.2 Å when the scale is
increased from 35 million to 150 million pa-
rameters, and the CASP target T1056 im-
proves in RMSD from 4.0 to 2.6 Å when the
scale is increased from 3 billion to 15 billion
parameters (Fig. 1F). Before and after these
jumps, changes in RMSD are much smaller.
Across all models (table S1), there is a cor-
relation of −0.99 between validation perplex-
ity and CASP14 TM-score and −1.00 between
validation perplexity and CAMEO TM-score,
which indicates a strong connection between
the understanding of the sequence measured
by perplexity and the atomic-resolution struc-
ture prediction. Additionally, there are strong

Lin et al., Science 379, 1123–1130 (2023) 17 March 2023 4 of 8

Fig. 3. Mapping metagenomic structural space. (A) ESMFold calibration with
AlphaFold2 for metagenomic sequences. Mean pLDDT is shown on the x axis, and
LDDT to the corresponding AlphaFold2 prediction is shown on the y axis.
Distribution is shown as a density estimate across a subsample of ∼4000
sequences from the MGnify database. (B) Distribution of mean pLDDT values
computed for each of ∼617 million ESMFold-predicted structures from the MGnify
database. (C) The distribution of the TM-score to the most similar PDB structure
for each of 1 million randomly sampled high-confidence (mean pLDDT > 0.7 and
pTM > 0.7) structures. Values were obtained by a Foldseek search, which does

not report values under 0.5 TM-score (53). (D) Sample of 1 million high-
confidence protein structures is visualized in two dimensions by using the UMAP
algorithm and colored according to distance from the nearest PDB structure, in
which regions with low similarity to known structures are colored in dark blue.
Example protein structures and their locations within the sequence landscape are
provided; see also Fig. 4 and table S2. (E) Additional UMAP plot in which the
1 million sequences are plotted according to the same coordinates as in (D) but
colored by the sequence identity to the most similar entry in UniRef90 according
to a blastp (60) search.
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Protein sequence foundation models  
allow generating new proteins

https://www.science.org/doi/10.1126/science.ade2574
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A B

C
E

Foundation Models as Generative Systems
Protein sequence foundation models  
allow generating new proteins

https://www.science.org/doi/10.1126/science.ads0018
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Lecture 12: World Models

Toward (Generative) World Models

A world model is an AI system that can simulate and predict how the world 
might change given current conditions and potential actions or events.

WORLD MODEL

Vision: 


Foundation models trained on diverse data are developing increasingly sophisticated 
world models.


Simulations through generative AI enable genuine reasoning, planning, and 
understanding of cause-and-effect relationships in the real world.

state 
model

generative 
simulator

encoder

decoder
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Lecture 12: World Models

Toward (Generative) World Models

Lecture 13: FM in Robotics

e.g., DeepMinds’s Genie 2 or 3
Proto-engine for generating 
video games on-the-fly.

https://deepmind.google/discover/blog/genie-3-a-new-frontier-for-world-models/
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Lecture 15: Outlook and Summary

• Challenge the status quo: Question dominant paradigms, they've been wrong before.

  Bottom Line: Maintain healthy skepticism. Question everything.  
  The field needs critical thinkers who separate hype from reality.

• Rapid evolution: Methods are very new with constant developments.  
                             The next breakthrough could come from you !

• Success recipes expire: What works today may be obsolete tomorrow. Current learning principles 
                                          and architectures might seem primitive in a few years.

• Performance ≠ promises: Hallucinations, poor generalization, brittleness.  
                                            Always evaluate critically before deployment.

• Ethics are non-negotiable: What data? Whose voices? What harms? The list of concerns is long…
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■ Describe and explain core generative modeling techniques and their conceptual role in 
foundation models.


■ Analyze and compare the architectures, tokenization strategies, and training objectives 
of foundation models across language, vision, and scientific domains.


■ Apply suitable foundation models or generative approaches for a given task and justify their 
use based on model capabilities and data modality.


■ Investigate and interpret recent advances in multi-modal learning, prompting, and 
decision-making with foundation models.


■ Critique and synthesize key contributions from current research papers by relating them to 
concepts and methods covered in the course.
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CS-233 Introduction to Machine Learning 
 
CS-433 Machine Learning or equivalent course

■ Required

EE-559 Deep Learning or equivalent course

CS-503 Visual intelligence: Machines and Minds


CS-552 Modern Natural Language Processing

■ Complementary
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Week Part I Week Part II

1 Introduction and Overview 8 Multi-Modality in Foundation Models

2 Learning at Scale:  
Supervised, Self-Supervised, and Beyond 9 Architectures II:  

Foundation Models in the Sciences
3 Generative Models I:  

Autoregressive, Adversarial, and Autoencoder 10 In-Context Learning and Emergent Behaviors

4 Generative Models II:  
Diffusion Models and Beyond 11 Adaptation, Fine-Tuning, and Test-Time Training

5
Generative Models III:  
Flow Matching and Schrödinger Bridges 12 World Models and Generative World Modeling
Tokenization Across Modalities and Building Blocks 

6 Architectures I:  
Language and Vision Foundation Models 13

Architectures III: FMs in Robotics                                          
Foundation Models, Reinforcement Learning, 
Reasoning, and Decision-Making

7 Semester Break 14 Foundation Models and Agentic Systems

15 Outlook and Summary
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We aim to release recordings of the lecture by Wednesday 
at the latest. Availability is not guaranteed.

There will be no recordings of the exercise sessions.

2 hours in PO 01 given by teaching assistants.

2 hours in PO 01 given by professor or guest lecturer.
Slides of lecture will be uploaded latest 12 pm on Moodle.

Solutions sheet and notebook for code demonstrations 
will be uploaded 9 am on Moodle.
Slides and other material of exercise session will be  
uploaded to Moodle latest until the evening.

Thursday, 7pm, the week before: Exercise sheet 
for the upcoming week released on Moodle.
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Written Exam during an exam session in January.


Exam date will be published by the Registrar’s Office. 
Closed book exam. One A4 crib sheet (both sides).

70%

15%15%

Coding Assignments during the semester. No group work. Each assignment will 
be released one week in advance and is due on Wednesday at 23:59 that week.


1. Assignment is due in Week 5,   i.e., Wednesday, October 8.

2. Assignment is due in Week 12, i.e., Wednesday, November 26.

Weekly exercises and quizzes are ungraded!

Please keep an eye out for 

upcoming announcements via 

Ed and updates via Moodle!
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Course Team
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Xiuying Wei Liangze Jiang Petr Grinberg

Matteo SantelmoAbdulkadir Gokce

DOCTORAL STUDENT DOCTORAL STUDENT

DOCTORAL STUDENT

MASTER STUDENT

MASTER STUDENT

Teaching Assistants Student Assistants
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Course Logistics
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Moodle

Ed

Course Overview

https://edu.epfl.ch/coursebook/en/foundation-models-and-generative-ai-CS-461

https://go.epfl.ch/CS-461

https://edstem.org/eu/courses/2320/discussion

main form of  
communication!

https://edu.epfl.ch/coursebook/en/foundation-models-and-generative-ai-CS-461
https://go.epfl.ch/CS-461
https://edstem.org/eu/courses/2320/discussion
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■ For the assignments, you should not use outside codebases unless explicitly allowed 
by the course staff in the assignment description. You can use ChatGPT or other AI-
based tools for any assignment or part of your project. Any use of ChatGPT and other 
AI-based tools must be cited and mentioned. Uncited use of these tools will be 
penalized.


■ For the code assignments, you may build your work upon existing open-source 
codebases, but are required to write new code to perform your experiments. In the 
code assignment, clearly specify your contributions and how they differ from the pre-
existing codebase in your report.


■ You are free to discuss ideas and implementation details with your colleagues. However, 
you should not look at another student's code, or incorporate their code into your 
assignment (unless explicitly allowed by the course staff).
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This Week’s Papers
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Papers are linked in Moodle.

Bommasani et al., "On the opportunities and risks of foundation models." 
arXiv preprint arXiv:2108.07258 (2021).

Sutton, Richard. "The Bitter Lesson." 
Incomplete Ideas (Blog) 13.1 (2019): 38.
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This Week’s Exercise Sheet

62

There will be no exercise session this week.
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There will be no code demonstration this week.
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CS-461 
Foundation Models and 
Generative AI

Let’s have a great semester!


