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Announcements

•Last parts: project & HW5

•Project due date now 7th

•Extra OH:
•Tuesday 5/5: 3-5 pm

•Wednesday 5/6: 3-5 pm

Class evals: due tomorrow! Please help out ☺ 

•Class outline En
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Outline

•Foundation Models in Science and Medicine
•Applied FMs, taxonomy, examples in biomedicine, 
scientific research & agents

•What We Didn’t Get a Chance to Cover
•Other generative models, diffusion models, safety, 
toxicity, other issues. 

•The Future
•Optimistic/pessimistic perspectives on where 
FMs/LLMs/agentic AI is going
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Foundation Models in Applied Areas

We have mostly studied generalist models…

•But lots happening in specialized areas

•More restrictive, but this leads to lots of fun 
new problems
•And a greater chance to deploy and have impact 

•More architectures, more special systems, etc.

•Couple of examples today in medicine and 
science. 



FMs in Biomedicine

What kind of FMs are useful here?

•LLMs: read literature, clinical text, code, protocol design, 
reasoning, perform agentic orchestration.

•VLMs: radiology, pathology, microscopy, figures, multimodal 
reports.

•Sequence (not text) models: proteins, DNA/RNA, patient 
timelines, disease trajectories.

•Generative models: molecules, proteins, materials, images, 
experimental designs.

•Graph/geometric models: molecular graphs, interactions, 
knowledge graphs, 3D structures.



LLMs for Medicine

•Use cases: drafting notes, patient 
messages, summaries, guideline 
lookup, and coding support.

•Clinical reasoning: next big thing 
but requires careful grounding and 
very high performance  

•Generative models for medical 
objects: Synthea tackles electronic 
health records (EHRs)

Synthea 



Multimodal Medical Models

Similarly, can adapt standard multimodal models to handle 
medical content (text and images).

•Some nice open-source releases: MedGemma

•Easy to prototype healthcare applications.

Sellergren et al. ‘25 “MedGemma 
Technical Report.”



Wang et al, ‘25, “TxGemma: Efficient and Agentic LLMs for Therapeutics.”

Therapeutic foundation models

•Similar idea: adapt LLMs to predict, reason over therapeutic 
properties (drugs, treatments). 
• Inputs: small molecules, proteins, nucleic acids, diseases, cell lines.
•Can fine-tune to make predictions ,but also chat with etc.



AlphaFold 3: Protein modeling

•Predicts structures of various 
kinds of biological complexes
•Proteins, nucleic acids

•Why? Structure prediction is 
useful for understanding 
biological mechanisms, 
performing drug discovery 
workflows.

•Architecture: diffusion-based 
generative model

Abramson et al, 2024, “Accurate structure prediction of 
biomolecular interactions with AlphaFold 3.”



Genome modeling

•Evo 2 (Brixi et al ‘25): a 
genomic foundation 
model trained on 
diverse domains of 
living things.

•Scale: trillions of DNA 
base pairs 
•Goal: can read, reason 

over, and generate gene 
sequences 
•Then make predictions 

upstream in applications Brixi et al ‘25 “Genome modelling and design across all 
domains of life.”



What about scientific research?

•OpenScholar: specialized RAG system w/ 45 million open-
access papers. Synthesizes citation-backed answers.

•Similar idea to what deep research systems do

Asai et al ‘24, “Synthesizing scientific literature with retrieval-augmented language models.”



Evaluating AI abilities to do research

•PaperBench: replicate 20 top ICML 2024 papers from scratch
•Must understand paper, build codebase, run experiments
•Rubrics for eval co-developed with paper authors 

Starace et al ‘25, “PaperBench: Evaluating AI’s Ability to Replicate AI Research.”



Scientific research agents 

•Lots of progress in agents to do 
autonomous scientific research.

•Example: AI Scientist series

•Tree search over ideas + a 
bunch of components 
•Generated work accepted to ICLR 

workshop



Break & Questions
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Generative Modeling Approaches 

Lilian Weng

We talked about generative models for sequences… but not for 
e.g., images. Other approaches exist:



Generative Modeling Intuitions 

Lilian Weng

We can think of GMs as doing two things:

•“Mapping” a simple (fake) distribution 
into a complex (real) distribution
•Why? Sample from simple distribution, then 

transform with learned map
• ”Latent space” interpretation

•Learning to undo noise or undo a 
particular transformation
•Related to self-supervised learning

Various training considerations obtain each techniques



Diffusion Models Idea

•Let’s take a look at the undoing noise idea. Diffusion models:

•Really a large family of techniques that share some common 
properties
•But have been derived from different starting principles / desired 

properties

Lilian Weng



Score-Based Generative Models

•Traditionally, GMs model the distribution via the pdf --- but 
this becomes computationally intractable

•Let’s not model the pdf

• Instead, model the “score”

•Score: gradient of the log likelihood with respect to the data.

•Goal: train s such that 



Training & Inference for Score-Based Models

•Training: can directly run M.S.E. as a loss, 

•We usually can’t access the left hand term, but techniques 
for training despite this

• Inference: special methods that can sample, like Langevin 
dynamics

Sample
Iterates

Learned
score function

Noise



Training & Inference for Score-Based Models

•Visual example 

•Distribution: mixture of two 
Gaussians

•Arrows: given by our score 
function, point to high density 
regions

•Source: https://yang-
song.net/blog/2021/score/



Score-Based → Denoising Diffusion Models

•Our story so far is

•But, this leads to inaccurate modeling in low-prob regions: 

Yang Song



Score-Based → Denoising Diffusion Models

•Solution: perturb the density with noise 
•To ensure accurate modeling in more regions 
• In particular, noise at multiple scales  



Score-Based → Denoising Diffusion Models

•So far, “noise” showed up in a few places, but not in a strictly 
connected way
•Train model with score matching
•Sample with Lagenvin dynamics (which includes noise)
•Use noise perturbation to train better

•Denoising diffusion models directly use noise in both training 
and inference 

Ho et al ‘20



Diffusion Models

•Basic model

•Can easily set up the noising process, 

•To sample, directly compute from reverse, i.e., 
•Simple, nice parametrizations in Ho et al ‘20.

Ho et al ‘20



Latent Diffusion Models

Latents are really just the noised images in pixel space

•No ”latent space” so far at least

•But, can add by using an autoencoder 

Rombach et al ‘22



Text-to-Image Generation + Conditional DMs

Lots of approaches! In particular, for text-to-image generation

•All based on similar principles from multimodal training

•Example: for latent diffusion (Rombach et al ’22)
• “Process y from various modalities (such as language prompts) we 

introduce a domain specific encoder … that projects y to an 
intermediate representation … which is then mapped to the 
intermediate layers of the UNet via a cross-attention layer “



Security & Safety

The more powerful, the wider the variety of issues. 

•A basic taxonomy from Huang et al ’23
• “A Survey of Safety and Trustworthiness of Large Language Models 

through the Lens of Verification and Validation”



Backdoor Attacks & Data Poisoning

Data poisoning: create adversarial or malicious data that the 
model will be trained on.

•Can do at various stages:
•Pretraining data, fine-tuning data, instructions

Wan et al '23



Backdoor Attacks & Data Poisoning

Can often do via “triggers”

•Backdoor: hidden behavior performed by trigger

•Poisoning of various types:

Chen et al ‘21



Prompt Attacks

When using an LLM to build an application, malicious users 
can craft attacks via inputs given to prompts:

Perez and Ribeiro ‘22



Jailbreaking

While guardrails can be used to protect from such behaviors, 
jailbreaking attacks enable bypassing these…

Li et al ‘23



Malware

Code-generating models could be used to create malware of 
various sorts

•Used to be challenging to produce…



Solutions: Taxonomy

Also a huge space. 

•Some techniques general in 
deep learning

•Some specific to LLMs and 
foundation models 
• I.e., legislation

Huang et al '23



Solutions: Verification

Example: verifying robustness

•Easier on images via iterative bounding techniques,

•Can be done on text as well:

Ye et al '20



Why Do We Care?

Many bad outcomes:

https://www.newamerica.org/oti/blog/ai-discrimination-in-hiring-and-what-we-

can-do-about-it/

https://www.cnn.com/2019/12/19/tech/facial-recognition-study-racial-bias/index.html

https://themarkup.org/denied/2021/08/25/the-secret-bias-hidden-in-mortgage-

approval-algorithms



Why Do We Care?

Outcomes also reinforce themselves!

Princeton COS 597G



Types of Biases

A large categorization of biases (Ferrara ‘23):



What is Toxicity?

Offensive, unreasonable, disrespectful outputs

•Various automated tools to detect and categorize toxic 
content

https://developers.perspectiveapi.com/s/about-the-api



Where Does It Come From?

Recall our pretraining data!

•The Pile: “Due to the wide diversity in 
origins, it is possible for the Pile to 
contain pejorative, sexually explicit, or 
otherwise objectionable content”.

• “We note that for all demographics, the 
average sentiment is negative. “



What Causes Toxic Outputs?

One hypothesis: non-toxic prompts → non-toxic outputs.

Not necessarily true!
•Gehman et al, “RealToxicityPrompts: Evaluating Neural Toxic 

Degeneration in Language Models”



Potential Mitigations

How do we fix this? Two categories of approaches

•Data-based. Continue to pretrain the model
•DAPT: Domain-adaptive pretraining
•Attribute Conditioning: add special tokens <toxic>, <nontoxic>

•Decoding-based. Change the way an output is produced
• Learn toxicity representations that boost likelihood of non-toxic 

tokens
•Direct blacklist: do not permit certain words from being generated



Toxicity via Personas

What about toxicity in more recent chat-based models?

•Can increase toxicity substantially by having it play-act a 
particular role

Deshpande et al ‘23



Break & Questions
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Reasons to Be Optimistic

Foundation models still somewhat unwieldy, so limited use in 
applications

•Limited interfacing with other software and hardware tools
•Code agents are changing this! Starting to interface everywhere

•Great opportunity for massive growth

•E.g., efforts to hook up automated 

  theorem provers/languages with LLMs 

  are working!



Reasons to Be Pessimistic

Why won’t we reach AGI?

1. Recursive self-improvement is hard

•Main progress is fixed models
•But this is changing in the last ~6 months

•Progress in self-play etc may be limited

•Auto-research, similar recent ideas go against

this! But… we don’t know their upper bound



Reasons to Be Pessimistic

Why won’t we reach AGI?

2. Data limitations

•Already burning through Internet-scale data

•Quantity may grow, but much of it LLM-generated
•However, this may not matter! Model collapse does not appear to 

happen very much

•Other forms of data may not

 be easily recorded/manipulated



Reasons to Be Pessimistic

More generally, possible that all the progress is via the random 
presence of other factors

•Deep learning revolution ~2010. Cause?
•Major progress in CNNs or training? Not really

•Powerful GPUs (developed for apps/games, not ML related)
• Large image datasets (due to social media)
•Easy access (due to the Internet)

•Next major progress may only be after random events…



Reasons to Be Pessimistic

Why won’t we reach AGI?

3. Bottlenecks are hard to deal with

•No matter how “smart” models are, operating in the real-world 
may introduce difficult constraints 

• I.e., may need to solve robotics

•Maybe powerful enough models can…
•But back to problem 1.



Thank You!
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