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Supervised Learning

Problem: 
● Data samples: 𝑋, 𝑌
● Unknown target function: ƒ*: 𝑋→𝑌
● Family of models (i.e hypothesis): H = {ƒ | ƒ: 𝑋→𝑌}

Given:
● A training set of instances of the unknown target function

○ (x1, y1), (x2, y2), . . ., (xN, yN)

Goal:
● Output a function ƒ in  H  that best approximates ƒ*



Supervised Learning

● When 𝑌 is discrete we term this a classification task
● When 𝑌 is continuous, it is a regression task
● And when it’s more structured e.g. a sequence of discrete labels it can be 

made to various tasks e.g segmentation, or machine translation

Algorithm and Architecture Evolution:
Nearest Neighbor classifier
Support Vector Machines (SVM)
Linear classifiers
Neural networks
Convolution Neural networks
Transformers



Self-Supervised Learning

While Supervised learning learns good representations/functions for various tasks it 
requires collecting label data for each task (expensive) and it isn’t how we learn as 
humans.

https://cs231n.stanford.edu



Self-Supervised Learning: Pretext Tasks

https://web.eecs.umich.edu/~justincj/slides/eecs498



Self-Supervised Learning: Pretext Tasks

Learning by Inpainting

Pathak et al, “Context Encoders: Feature Learning by Inpainting”, CVPR 2016



Self-Supervised Learning: Pretext Tasks

Learning by Masking

He et al, “Masked Autoencoders are Scalable Vision Learners”, CVPR 2022



Self-Supervised Learning: Pretext Tasks

Learning contrastively

Hadsell et al, “Dimensionality Reduction by Learning and Invariant Mapping”, CVPR 2006



Self-Supervised Learning: Pretext Tasks

Learning contrastively

https://cs231n.stanford.edu



Self-Supervised Learning: Pretext Tasks

Learning contrastively

https://cs231n.stanford.edu



Self-Supervised Learning: Contrastive methods



Self-Supervised Learning: Pretext Tasks

simclr



Self-Supervised Learning: Contrastive methods

moco



Self-Supervised Learning: Pretext Tasks

Learning by Contrasting modalities

Radford et al, “Learning Transferable Visual Models form Natural Language Supervision”, ICML 2021 
Jia et al, “Scaling up Visual and Vision-Language Representation Learning with Noisy Text Supervision”, ICLR 2021



Self-Supervised Learning: Pretext Tasks

Learning by Contrasting modalities

Radford et al, “Learning Transferable Visual Models form Natural Language Supervision”, ICML 2021 
Jia et al, “Scaling up Visual and Vision-Language Representation Learning with Noisy Text Supervision”, ICLR 2021



Self-Supervised Learning: Histopathology representation learning

Ikezogwo, Wisdom Oluchi, Mehmet Saygin Seyfioglu, and Linda Shapiro. "Multi-modal masked autoencoders learn compositional histopathological representations." MIDL 2022.



  Dataset size:

     10^11 (e.g LAION)             10^6 (MIMIC)             10^3 (ArCH)          10^4 (TCGA)
  Grounding and metatdata:

          ✅       ✅               🚫      🚫

Histopathology image-text understanding

           Normal scale        Normal scale             Normal scale       Giga-Pixel (TCGA)



Free Lunch: Educational Histopathology Videos



Self-Supervised Learning: Histopathology image understanding

Ikezogwo, Wisdom, et al. "Quilt-1m: One million image-text pairs for histopathology." NeurIps 2023.



How well does training on Quilt-1M work ?

● Zero-Shot Classification
183k

[5] Radford, Alec, et al. "Learning transferable visual models from natural language supervision." International conference on machine learning. PMLR, 2021.
[6] Zhang, Sheng, et al. "Large-scale domain-specific pretraining for biomedical vision-language processing." arXiv preprint arXiv:2303.00915 2.3 (2023): 6.
[7] Huang, Zhi, et al. "A visual–language foundation model for pathology image analysis using medical twitter." Nature medicine 29.9 (2023): 2307-2316.

[6] [7][5]
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Results and Evaluation: Results

● Zero-Shot Retrieval

183k
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Results and Evaluation: Visualization

183k



Enter, MedicalNarratives.



MedicalNarratives Samples



MedicalNarratives Samples (paired views)



MedicalNarratives Samples



Data Driven Supervised Finetuning

Ouyang, Long, et al. "Training language models to follow instructions with human feedback." NeurIps (2022): 27730-27744.

Large scale pretraining of LMs produce really strong models but are not aligned with 
User Intent.
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Data Driven Supervised Finetuning: Instruction Tuning

Chung, Hyung Won, et al. "Scaling instruction-finetuned language models." Journal of Machine Learning Research 25.70 (2024)
Wang, Yizhong, et al. "Super-naturalinstructions: Generalization via declarative instructions on 1600+ nlp tasks." Proceedings of the 2022 conference on empirical methods in natural language processing. 2022.

- You don’t need many samples to instruction tune [LIMA]

https://arxiv.org/pdf/2305.11206


Data Driven Supervised Finetuning

Liu, Haotian, et al. "Visual instruction tuning." NeurIps (2023

We can now combine a language model with a vision encoder (e.g clip vision tower)



QUILT-LLaVA: Visual Instruction Tuning 
by Extracting Localized Narratives
from Open-Source Histopathology 
Videos

Tackling generation and Localization



Can we enable reasoning toward diagnosis?



How do we extract localized narratives?



Instruction Tuning



Instruction Tuning

We extracted 162,566 image-caption pairs from QUILT.

 Filtering out samples with fewer than 20 words and those with more than 150
words resulted in a dataset of 114,343 pairs, with an average caption length of 55 
words. 

From this, we created QUILT-INSTRUCT, comprising 107,131 question/an-
swer pairs where, on average, we have questions with 16.5 words and answers with 
101 words. 

For reasoning-based prompts, we manually reviewed 4,149 videos and selected
2,066 that focused on a single WSI from a single patient.



Training



Tuning and VQA Evaluation Results

62k



Qualitative results
62k



Qualitative multi-turn results

62k



Limitations of Instruction tuning

https://web.stanford.edu/class/cs224n/slides_w25/cs224n-2025-lecture10-instruction-tunining-rlhf.pdf#page=22.00

While Supervised instruction finetuning (including reasoning structured data tuning) 
helps use align models to users desires the still have some issues:

● It’s still expensive to collect ground-truth data for various tasks
● There are several tasks that do not have one single right answer (open-ended)

○ E.g creative writing
● The autoregressive LM loss penalizes all token-level errors equally, lacking any 

nuance that some errors are worse than others.

So there’s still a mismatch between the LM objective and 
the objective “satisfy human preferences”.



Reinforced objectives: Intuition

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

Action: generating responses/tokens
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Reinforced objectives: Intuition

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf



Reinforcement Learning:

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● An agent interacts with an environment by taking actions 
● The environment returns a reward for the action and a new state (representation 

of the world at that moment). 
● Agent uses a policy function to choose an action at a given state. 
● We need to figure out: (1) reward function and (2) the policy function 



Reinforcement Learning from Human Feedback

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Imagine a reward function: 𝑅(𝑠;prompt)∈ℝ  for any output 𝑠 to a prompt.
● The reward is higher when humans prefer the output. 
● Good generation is equivalent to finding reward-maximizing outputs: 

● What we need to do: 
○ Estimate the reward function 𝑅(𝑠;prompt). 
○ Find the best generative model 𝑝θ that maximizes the expected reward:



Estimating the Reward R

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf
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Optimizing the policy function

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Policy function := The model that makes decisions (here, generates responses)
● How do we change our LM parameters 𝜃 to maximize this?

 



Optimizing the policy function

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Policy function := The model that makes decisions (here, generates responses)
● How do we change our LM parameters 𝜃 to maximize this?

● Let’s try doing gradient ascent!

 



Policy Gradient [Williams, 1992]
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● Policy function := The model that makes decisions (here, generates responses)
● How do we change our LM parameters 𝜃 to maximize this?

● Let’s try doing gradient ascent!

 
● With a bit of math, this can be approximated as Monte Carlo samples from 𝑝θ(𝑠):

● This is “policy gradient”, an approach for estimating and optimizing this objective.



Policy Gradient [Williams, 1992]

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● This gives us the following update rule: 

● If 𝑅(𝑠;𝑝) is large, we take proportionately large steps to maximize 𝑝θ(𝑠)
● If 𝑅(𝑠;𝑝) is small, we take proportionately small steps to maximize 𝑝θ(𝑠)



Putting it together, RLHF:

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● First collect a dataset of human preferences
○ Present multiple outputs to human annotators and ask them to rank the 

output based on preferability



Putting it together, RLHF:

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Using this data, we can train a reward model
○ The reward model returns a scalar reward which should numerically 

represent the human preference



Putting it together, RLHF:

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● We want to learn a policy (a Language Model) that optimizes against the reward 
model



Putting it together, RLHF:
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Putting it together, RLHF:

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Periodically train the reward model with more samples and human feedback
● It turns out that this approach doesn’t quite work. (Any guesses why?)
● Will learn to produce an output that would get a high reward but is gibberish or 

irrelevant to the prompt.



Regularizing with Pre-trained Model

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Solution: add a penalty term that penalizes too much deviations from the 
distribution of the pre-trained LM. 

● This prevents the policy model from diverging too far from  the pretrained 
model.
○ 𝑝RL

θ(𝑠) >> 𝑝PT
θ(𝑠): Pay an explicit price 

○ 𝑝RL
θ(𝑠) << 𝑝PT

θ(𝑠): Sampling 𝑠 becomes unlikely
● The above regularization is equivalent to adding a KL-divergence regularization 

term.



Putting it together, RLHF as basic Policy Gradient:

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Select a pre-trained generative model 𝑝RL
θ as your base: 𝑝PT

θ

● Build a reward model 𝑅(𝑠;𝑝) that produces scalar rewards for outputs, trained on 
a  dataset of human comparisons

● Regularize the reward function: 

● Iterate: 
○ Fine-tune the policy 𝑝RL

θ(𝑠) to maximize our reward model 𝑅(𝑠;𝑝)  

○ Occasionally repeat repeat 2-3 to update the reward model. 



Simplifying RLHF:

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● The RLHF pipeline is considerably more complex than supervised  learning
○ Involves training multiple LMs and sampling from the LM policy in the  loop 

of training

Q: Is there a way to simplify this pipeline?



Simplifying RLHF, Direct Policy Optimization:

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● DPO directly optimizes for human preferences 
○ avoiding RL and fitting a separate reward model

● One can use mathematical derivations to simplify the RLHF objective to an 
equivalent objective that is simpler to optimize.



Simplifying RLHF, Direct Policy Optimization:

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf



Policy Gradient (Revisit)

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● The algorithm that we saw earlier: gradients updates of policy weighted by 
reward: 

 

● In the RL literature, this is typically referred to as REINFORCE algorithm.



Policy Gradient (Revisit)

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● The algorithm that we saw earlier: gradients updates of policy weighted by 
reward: 

 
● In literature, is typically referred to as REINFORCE algorithm.



Policy Gradient (with Advantage Function)

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

Issues: 
● Distribution drift: We added KL regularization to deal with this. 

● High variance: The gradient estimates 𝑔^PG   suffer from high variance.  This 
may lead to destructively large updates and sample inefficiency.  



The baseline estimate

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

●  To reduce the variance of ɡPG we can subtract a baseline estimate 𝑏𝑡(𝑠𝑡):

○ Note, by design, the baseline depends on states 𝑠𝑡 but not the action а𝑡 and 
is an unbiased estimator of ɡPG

○ A good baseline is a function that can correct for variance (should correlate 
well with R).

Value Function as a Baseline
● One common choice is 𝑏𝑡(𝑠) = 𝘝𝜋 (𝑠) (the value function), i.e., expected reward from 

here on under policy 𝜋, assuming that we’re at state s



Policy Gradient (with Advantage Function)

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● It’s more common to replace 𝑅𝑡 with 𝑄𝜋 and write it in this form: 

● Basically, Q the Monte Carlo estimate of 𝑅𝑡 upon doing multiple rollouts (seq of 
actions). 

● Each rollout has some stochasticity; averaging reduces this per-rollout variance

● Remember: Q function is defined as the expected reward from here on under 
policy 𝜋, assuming we take action 𝑎 at state 𝑠.



Policy Gradient (with Advantage Function)

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Advantage-based Policy Gradient updates: 

● We don’t (always) need to compute the absolute benefit of an action, but only 
how much better it is relative to others (i.e., the relative advantage of that action.) 

● The advantage function 𝐴𝜋 (𝑠, 𝑎) of a policy 𝜋 quantifies how much better it is to 
take a specific action 𝑎 in state 𝑠, over a randomly selecting an action according to 
𝜋(.|𝑠), assuming you act according to 𝜋 forever after. 



From policy to surrogate objective

● Policy gradient gives us a gradient estimator:

● This  

● Why this matters: a gradient estimator gives you one step. An objective function 
lets you take multiple optimization steps on the same batch of data.



Sampling from target or ref policy?

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Idea: sample many rollouts from 𝜋_(ref ) once and re-use. 

● But wait:

● We correct this mismatch by using importance weights: 



Proximal Policy Optimization (PPO)

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Provides several empirical advantages, such as increased stability and faster 
learning. 

● PPO is an advantage actor-critic method: 
○ Actor-critic: the learning objective includes an estimated value function to 

“critique” the policy (actor) actions. 
○ Advantage: instead of optimizing directly using rewards like REINFORCE, 

updates rely on “advantage”.



Group Relative Policy Optimization (GRPO)

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● PPO has 4 LLMs in the mix: reward, value, policy and reference policy. 
○ Massive memory footprint. 

● GRPO drops the value model.  Significant reduction of memory usage. 

● Remember the reason that we had value function in PPO is to estimate ”advantage” 
values. 
○ If we find alternative way of estimating advantage, we can drop value 

function. 



GRPO: Key Idea

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● Execute multiple rollouts from each. 

● Given these rollouts, we can estimate the  “advantage” function based on the 
relative goodness of these responses.  

● Advantage of each rollout is simply the gap between its reward compared to the 
mean reward of other responses, normalized with std.



GRPO

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf



GRPO

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf



RLVR: When Rewards Are Verifiable

https://self-supervised.cs.jhu.edu/fa2025/files/slides/alignment.pdf

● GRPO with rule-based rewards  (RL with Verifiable Feedback: RLVR) is applied 
mostly to task with environments with verifiable feedback e.g coding, math, 
gaming

● For other tasks and environments with non-veriable rewards how can we train 
models with RL?



Rewards: Rubrics as Rewards (RaR) 

Gunjal, Anisha, et al. "Rubrics as rewards: Reinforcement learning beyond verifiable domains." arXiv preprint arXiv:2507.17746 (2025).

Rubrics as Rewards subsumes RLVR: The RLVR setting is a special case of rubric-based 
rewards, where k = 1, w

1
 = 1, and c

1
(x, ŷ) reduces to a single verifiable correctness 

function that compares the model output ŷ against the known correct answer y. For 
example, this could involve exact match or test case execution. Formally:



Rewards: Error Enumeration as reward 

● RaR requires access to the ideal reference answer to create the rubrics

● In reference-free domains we show that error enumeration is a better reward 
function

● We apply this to a virtual try-on task where in there can be multiple valid 
outcomes, yet subtle errors break human preference 



Rewards: Error Enumeration as reward 



Thank You!

Prof. Linda Shapiro Prof. Ranjay Krishna Dr. Joann Elmore

Saygin SeyfiogluWisdom Ikezogwo Beibin LiRustin SorakiFatemeh Ghezloo Kevin Zhang Mahtab Bigverdi


