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Logistics

● Homework assignments
○ Homework 0 & 1, due 3/3 & 3/10 

■ 5% extra credits each



The development of modern AI models

instruction 
following

creativity

factuality safety

code math

…

pretraining post-training
Supervised Fine-Tuning (SFT) / Reinforcement Learning (RL) 

one or more 
stages



Today’s lecture: AI alignment pipeline

pretraining instruction 
tuning
(SFT)

reinforcement learning 
from human feedback 

(RLHF)



Instruction tuning

instruction 
following

creativity

factuality safety

code math

…

Base model
E.g., Qwen/Qwen3-235B-A22B

Instruction-tuned (supervised policy) model
E.g., Qwen/Qwen3-235B-A22B-Instruct-2507

instruction-based 
tasks



Why is pretraining not sufficient?









Instruction tuning

instruction 
following

creativity

factuality safety

code math

…

Base model
E.g., Qwen/Qwen3-235B-A22B

Instruction-tuned (supervised policy) model
E.g., Qwen/Qwen3-235B-A22B-Instruct-2507

instruction-based 
tasks



Sentiment analysis
traditional task

The movie was great!

model

1

instruction-based task

Is the sentiment of this movie review 
positive or negative?

“The movie was great!”

model

positive



Natural language inference (NLI)
traditional task instruction-based task

sentence 1: “CS@VT invites applications for new 
faculty members!”

sentence 2: “CS@VT has openings for new 
faculty members.” 

model

0
O: entailment
1: contradiction
2: neutral

premise: “CS@VT invites applications for new 
faculty members!”

hypothesis: “CS@VT has openings for new 
faculty members.” 

Does the premise entail the hypothesis?

model

yes
yes
it is not possible to tell
no



Text summarization
traditional task

instruction-based task

Dedicated to its motto, Ut Prosim (That I May Serve), VT 
pushes the boundaries of knowledge by taking a hands-on, 
transdisciplinary approach to preparing scholars to be 
leaders and problem-solvers. A comprehensive land-grant 
institution that enhances the quality of life in Virginia and 
throughout the world, VT is an inclusive community 
dedicated to knowledge, discovery, and creativity.

model

VT is committed to its motto "Ut Prosim" and takes a 
hands-on, transdisciplinary approach to educate 

problem-solvers and leaders while enhancing the quality of 
life globally.

Please summarize the following text in one sentence:

Dedicated to its motto, Ut Prosim (That I May Serve), VT 
pushes the boundaries of knowledge by taking a hands-on, 
transdisciplinary approach to preparing scholars to be 
leaders and problem-solvers. A comprehensive land-grant 
institution that enhances the quality of life in Virginia and 
throughout the world, VT is an inclusive community 
dedicated to knowledge, discovery, and creativity.

model

VT is committed to its motto "Ut Prosim" and takes a 
hands-on, transdisciplinary approach to educate 

problem-solvers and leaders while enhancing the quality of 
life globally.







Flan 2022 / Flan v2



The Flan collection: 1800 tasks 
phrased as instructions

17

FLAN collection

T5 Flan-T5



State-of-the-art open-source 
models in 2023



Transformer decoder
 (partially masked)

Who is Elon Musk ? [SEP] He is a tech billionaire[PAD]

billionaire

✘ ✘ ✘ ✘ ✘ ✘
He is a tech [EOS]

Teacher forcing: SFT with prefix LM



Off-policy training: Learning from expert demonstrations

You’ll be fine. Practice your slides 
a few times, get some sleep, and 
stop overthinking it. Just present 
what you know and move on.

That sounds really stressful, and 
it’s a normal reaction. If you can, 
do one quick practice run now, 
pick the one or two points you 
most want people to remember, 
and then give yourself 
permission to rest—being clear 
and calm tomorrow will matter 
more than cramming tonight.

Help, I have to give a presentation 
tomorrow and I’m panicking. model

model output

expert demonstrations



Limitations of SFT

● Doesn’t learn from negative feedback
● Some prompts (e.g., creative ones) have many acceptable outputs, we 

only train on one or a few of them
● Hard to encourage abstaining when the model doesn’t know 

something
● Doesn't guarantee that the model will generalize well to new or 

ambiguous situations where responses require nuanced reasoning, 
ethical considerations, or subjective judgment. For example, an 
SFT-trained model may still produce harmful or biased outputs in edge 
cases due to the absence of explicit reward signals for preferred 
behavior.

● Does not directly involve human preferences



Reinforcement learning from human feedback (RLHF)



Reinforcement learning from human feedback (RLHF)

Learn from data 
generated by the 

current policy



Step 1: SFT



Step 1: SFT (cont’d)

Base 
pretrained LLM

Instruction tuned 
LLM

SFT

𝜋SFT



Reinforcement learning from human feedback (RLHF)



Step 2: Reward 
modelling



Step 2: Collecting human preferences



Step 2: The Bradley-Terry model



Step 2: Maximum likelihood

rɸ(x, y) is often initialized from the SFT model 𝜋SFT(y | x) with an added 
linear layer on top of the final transformer layer to output a single 

scalar reward prediction. 



Sigmoid function



Sigmoid function (cont’d)





Step 2: Why maximum likelihood?

● There is a probabilistic model of the data
○ The model defines a probability distribution over 

possible observations.
● We maximize the probability of observed data

○ We adjust model parameters to make observed 
outcomes more likely under the assumed distribution.

● The objective function is derived from the likelihood 
○ The loss function corresponds to the negative 

log-likelihood (NLL) of the data.



Using the reward model

● “Best-of-N” (an instance of rejection sampling) 
○ Generates N samples for a given prompt and chooses the 

sample with the highest reward
● RAFT: Reward rAnked FineTuning (Dong et al., 2023)

○ Selects the high-quality samples, discarding those that 
exhibit undesired behavior, and subsequently fine-tuning on 
these filtered samples

● Reinforcement learning
○ Increases p(yw|x) by a small amount, decreases p(yL|x) by a 

small amount, where amounts are functions of R(yw|x) and 
R(yl|x)

https://arxiv.org/abs/2304.06767


Rejection sampling

Lambert, 2026

https://rlhfbook.com/book.pdf


Step 3



Step 3: RL training

The second term prevents the model from deviating too far from the 
distribution on which the reward model is accurate.

y = 𝜋θ(x)







Cosine similarity

normalized dot product



Cosine similarity (cont’d)



Cross-entropy loss review



Cross-entropy loss (cont’d) The predicted probabilities

The ground truth label



Cross-entropy loss (cont’d)

The loss models the 
distance between 
the system output 

and the gold output 
—lower is better



Cross entropy differs from KL 
divergence only by a constant that 

does not depend on the model. 
That is why minimizing cross 

entropy is the same objective as 
minimizing KL divergence.

The entropy measures how 
uncertain, unpredictable, or spread 

out a distribution is.



Step 3: RL fine-tuning (cont’d)

The sequence reward is distributed across tokens. PPO (Proximal 
Policy Optimization) updates happen at the token level. 

y = 𝜋θ(x)



RLHF pipeline: putting it all together

Base 
pretrained LLM

Instruction tuned 
LLM

RLHF aligned 
LLM

Reward model
SFT

RL via proximal policy 
optimization (PPO)

human 
preference data  

maximum 
likelihood

𝜋ref

𝜋𝜃



RLHF pipeline: putting it all together



The effects of RLHF on LLM generalization & 
diversity



















Can you imitate the teacher everywhere?



Where you already speak, can you adjust slightly?

The student sticks to its own peaks instead of spreading 
probability across all the teacher’s peaks



Thank you!


