
Modern LLM Recipe: 
Post-Training

EECS 183/283a: Natural Language Processing



What Pretraining Gives Us

• Really good language models 

• Low perplexity on test data (i.e., better fit) 

• Even better than humans?

Shlegeris et al. 2024https://rr-lm-game.herokuapp.com/
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What Pretraining Gives Us

• Really good language models 

• Low perplexity on test data (i.e., better fit) 

• Even better than humans? 

• Internal representations that reflect underlying linguistic 
structure 

• (Somewhat awkward) interface for multitasking 

• Template-based prompting 

• Few-shot prompting



What Else Do We Want?

• More natural interface for multitasking — natural language dialogue! 

• The interface problem 

• Control over what the model should or shouldn’t generate for certain 
tasks: 

• Responses that reflect certain social values 

• Responses that help users do something dangerous 

• Incorrect information 

• The alignment problem  

• Anything else?



Standard Post-Training Recipe

• To address the interface problem: instruction tuning 

• Fine-tune model to produce responses conditioned on natural 
language instructions, rather than on text prefixes 

• Use instruction data: text instructions paired with demonstrations 
of instruction-following 

• To address the alignment problem: reinforcement learning from 
human feedback 

• Fine-tune model to adjust its response distribution away from or 
towards certain types of responses 

• Use preference data: have annotators rate candidate responses 
from the instruction-tuned model, and learn (from) a model of 
human preferences



The Interface Problem
• Recall: base (pretrained) language models are good at 

modeling documents 

• To get them to do what we want, we have to format the 
context we condition them on as if it was a web document

India’s moon rover completes its walk. Scientists analyzing data looking for signs of frozen 
water 

BEW DELHI — India’s moon rover has completed its walk on the lunar surface and been put into 
sleep mode  

... 

India is planning its first mission to the International Space Station next year, in 
collaboration with the United States.
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The Interface Problem
• Recall: base (pretrained) language models are good at 

modeling documents 

• To get them to do what we want, we have to format the 
context we condition them on as if it was a web document

India’s moon rover completes its walk. Scientists analyzing data looking for signs of frozen 
water 

BEW DELHI — India’s moon rover has completed its walk on the lunar surface and been put into 
sleep mode  

... 

India is planning its first mission to the International Space Station next year, in 
collaboration with the United States. 

Give me a summary of this text: 

A city divided: New initiative may help Little Rock right the wrongs of its infrastructure 
past 

Where you are and what’s around you can put you at risk of many things  

...



The Interface Problem
• Recall: base (pretrained) language models are good at 

modeling documents 

• To get them to do what we want, we have to format the 
context we condition them on as if it was a web document

India’s moon rover completes its walk. Scientists analyzing data looking for signs of frozen 
water 

BEW DELHI — India’s moon rover has completed its walk on the lunar surface and been put into 
sleep mode  

... 

India is planning its first mission to the International Space Station next year, in 
collaboration with the United States. 

TL;DR: 



The Interface Problem
• Recall: base (pretrained) language models are good at 

modeling documents 

• To get them to do what we want, we have to format the 
context we condition them on as if it was a web document

India’s moon rover completes its walk. Scientists analyzing data looking for signs of frozen 
water 

BEW DELHI — India’s moon rover has completed its walk on the lunar surface and been put into 
sleep mode  

... 

India is planning its first mission to the International Space Station next year, in 
collaboration with the United States. 

TL;DR: 

India’s moon rover has completed its assignments and gone to sleep mode after just two weeks 
of being on the lunar surface. India successfully landed the rover and underscored its status 
as a major tech power and space program.



The Interface Problem
• Recall: base (pretrained) language models are good at 

modeling documents 

• To get them to do what we want, we have to format the 
context we condition them on as if it was a web document

Translate this to Chinese: “The hippopotamus ate my homework.” 



The Interface Problem
• Recall: base (pretrained) language models are good at 

modeling documents 
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Translate this to Chinese: “The hippopotamus ate my homework.” 

Translate this to Chinese: “The giraffe ate my homework.”



The Interface Problem
• Recall: base (pretrained) language models are good at 

modeling documents 

• To get them to do what we want, we have to format the 
context we condition them on as if it was a web document
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The Interface Problem
• Recall: base (pretrained) language models are good at 

modeling documents 

• To get them to do what we want, we have to format the 
context we condition them on as if it was a web document

The dog chased a squirrel at the park. = 这只狗在公园里追一只松鼠。 

I was late for class. = 我上课迟到了。 

The hippopotamus ate my homework. = 河马吃了我的作业。



The Interface Problem

• Problem 1: we can’t just directly ask for what we want 

• Problem 2: we don’t have fine-grained control over the 
outputs 

• 1-page summary? 

• Summary for a 5th grader? 

• Summary I can use in a Tweet?



Base Language Models  
“Know” About Tasks

• Probing experiments show that learned representations 
contain information necessary to complete many tasks 

• One “task” they can do is to identify the task exhibited in 
few-shot prompting!

Honovich et al. 2023



Instruction Tuning
• Basic premise: adjust language model probabilities to be 

conditioned on inputs generated in a more human-friendly 
interface 

• Human-friendly interface: dialogue

User: Please translate the following sentence to Chinese: “The 
hippopotamus ate my homework.” 

Assistant: Here is your translation: 河马吃了我的作业。



Instruction Tuning
• Basic premise: adjust language model probabilities to be 

conditioned on inputs generated in a more human-friendly 
interface 

• Human-friendly interface: dialogue 

• Finetune model on pairs of user instructions and 
demonstrations  

User: Please translate the following sentence to Chinese: “The 
hippopotamus ate my homework.” 

Assistant: Here is your translation: 河马吃了我的作业。
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Instruction Tuning Data

• Key questions in getting instruction-tuning data 

• Which tasks should we demonstrate? (input space) 

• Where do we get demonstrations? (output space) 

• Various sources for instruction-tuning data 

• Convert existing NLP datasets 

• Get high-quality human demonstrations from 
crowdsourcing 

• Annotate tasks that people are actually sending to 
models in the wild



Instruction Data:  
NLP Datasets

Sanh et al. 2022

T0



Instruction Data:  
NLP Datasets

Sanh et al. 2022

T0

• Multiple templates per task (why?) 

• Split train / test by tasks, not task instance (why?)



Instruction Data:  
NLP Datasets

Sanh et al. 2022

T0



Instruction Data: 
Human Demonstrations

• Simply converting existing datasets may be limiting 

• They don’t cover realistic tasks, or the level of control, 
that users want 

• Labels may be wrong, ambiguous, or may not follow 
certain guidelines 
 
 
 

• Instead: hire human annotators to come up with tasks and 
provide demonstrations of desired responses

Touvron et al. 2023



Instruction Data: 
Human Demonstrations

• Which tasks to demonstrate? 

• Ask annotators to come up with arbitrary tasks 

• Look at in-the-wild requests from users and convert these 
into tasks to annotate 

• Identify domain-specific target tasks 

• Identify tasks for which we want to demonstrate certain 
behavior (e.g., rejection)

Ouyang et al. 2022



Findings from  
Instruction-Tuning

• The quality and diversity of the instruction-tuning data is 
much more important than the amount of data  

• Instruction-tuning cannot make up for poor-quality base 
models 

• Users strongly prefer instruction-tuned models over base 
LMs, even if the base LM is orders of magnitude larger 

• What users want from models is much broader than what we 
can learn from NLP tasks 

• Instruction-tuned models can generalize to new tasks that 
the instruction-tuning data didn’t explicitly include

Ouyang et al. 2022, Wang et al. 2023 (Tülu)



The Alignment Problem
• Now our models have the right “interface”: we can send them 

tasks in natural language, e.g. via a chatbox, and they reliably 
reply with some “attempt” at the task 

• But scaling this up requires collecting more and more human 
data, which is very expensive 

• It also requires training to infer desired model behavior via 
independent positive examples only, which might be too 
difficult of a learning problem than it needs to be 

• Training with demonstrations is fundamentally off-policy (why is 
this a problem?)



Human Feedback

• We’ve instruction-tuned a base LM, so now people can 
give it tasks and get reasonable responses 

• But are the models actually doing what people want? And 
how do we know? — What would be the right thing to ask 
users? 

• Feedback should be fast and easy for users to provide 

• Feedback should be easy to aggregate into a general 
impression of model performance



Human Feedback

Example from Eric Mitchell

Score the helpfulness of the following response from 1 to 10.



Human Feedback
Score the helpfulness of the following response from 1 to 10.

Example from Eric Mitchell



Human Feedback
Which response is more helpful?

Example from Eric Mitchell

Better: how users multiple candidate 
responses and ask which they prefer



Getting Human Preferences

• Given a user’s query, we independently sample N 
candidate responses  

• Well-established evaluation of general natural language 
generation (NLG) systems 

• Aggregation metric: win rate (user prefers model A p% 
of the time over model B) 

• What can we do with preference data beyond 
understanding model performance? 

• Human preference data is a useful learning signal!



Reinforcement Learning  
from Human Feedback (RLHF)

• Main idea: 

• Independently sample candidate responses from the 
instruction-tuned model 

• Ask an annotator to rank the set of candidates  

• Train a model to predict the scalar quality of independent 
candidates, using the principle that if some response A is 
ranked higher than response B, it’s higher quality 

• Fine-tune the instruction-tuned model via reinforcement 
learning (RL), with rewards assigned by this auxiliary model 

• Pre-LLM RLHF for NLP tasks! Summarization, grounded 
instruction following, machine translation, …

Stiennon et al. 2020, Ouyang et al. 2022, Suhr and Artzi 2023



Collecting Human  
Preference Data

• Given some prompt from a prompt bank, independently 
sample between 4 and 9 candidate responses from an 
instruction-tuned model 

• Ask a human labeler to rank the candidates (including ties)

Ouyang et al. 2022
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Ỹ ⇠ ⇡✓instruct(· | x)

<latexit sha1_base64="DfQL7Qb3ngZE+nExlDNoH0Okm+w="></latexit>
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Training a Reward Model

Ouyang et al. 2022

• Goal: a function                             that maps from a 
prompt and a response to a scalar value 

• (Called “reward” model because we will use it to 
compute rewards later on)
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Training a Reward Model

Ouyang et al. 2022

• Goal: a function                             that maps from a 
prompt and a response to a scalar value 

• (Called “reward” model because we will use it to 
compute rewards later on) 

• First, convert preference data to training data for this 
model: 
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Training a Reward Model

Ouyang et al. 2022

• Goal: a function                             that maps from a 
prompt and a response to a scalar value 

• (Called “reward” model because we will use it to 
compute rewards later on) 

• First, convert preference data to training data for this 
model: 
 

• Then optimize r to give higher scores to winning 
completions vs. losing completions:
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Dpref = {(x, ỹw, ỹl)}
<latexit sha1_base64="wieMylZimaiT/RG0Smz/jGwxv2w=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhah3ZREpLqSohuXFewD2hAmk0k7dDIJMxMlhC7d+CtuXCji1k9w5984bbOorQcuHM65l3vv8WJGpbKsH6Owsrq2vlHcLG1t7+zumfsHbRklApMWjlgkuh6ShFFOWooqRrqxICj0GOl4o5uJ33kgQtKI36s0Jk6IBpwGFCOlJdc8FpW+oswnWTp2H6vwCs4LrOqaZatmTQGXiZ2TMsjRdM3vvh/hJCRcYYak7NlWrJwMCUUxI+NSP5EkRniEBqSnKUchkU42fWQMT7XiwyASuriCU3V+IkOhlGno6c4QqaFc9Cbif14vUcGlk1EeJ4pwPFsUJAyqCE5SgT4VBCuWaoKwoPpWiIdIIKx0diUdgr348jJpn9Xseq1+d15uXOdxFMEROAEVYIML0AC3oAlaAIMn8ALewLvxbLwaH8bnrLVg5DOH4A+Mr1/x45lP</latexit>

r(ỹw) > r(ỹl)

<latexit sha1_base64="hp3sbwkE0UvkuZ0Ouxw1GA7KiRE="></latexit>

L(✓) = � 1�N
2

�E(x,ỹw,ỹl⇠Dpref) log(�(r(x, ỹw; ✓)� r(x, ỹl; ✓)))



Weight samples by the 
number of possible 
comparisons

Probability that 
winning candidate 

“beats” losing 
candidate according 

to reward model

Gap in reward 
between winning and 
losing candidates

Training a Reward Model

Ouyang et al. 2022

<latexit sha1_base64="hp3sbwkE0UvkuZ0Ouxw1GA7KiRE="></latexit>

L(✓) = � 1�N
2

�E(x,ỹw,ỹl⇠Dpref) log(�(r(x, ỹw; ✓)� r(x, ỹl; ✓)))

Estimated 
reward of 
winning 
candidate

Estimated 
reward of 
losing 
candidate

• In practice (e.g., InstructGPT), architecture is transformer with 
projection layer replaced with an MLP that gives a scalar value 

• Model weights initialized as a small base language model



Learning from Exploration
• Key contrast with supervised learning from demonstrations 

• Learning from demonstrations: we can only ever know what 
to do, given a prefix of actions generated by a high-quality 
demonstrator 

• What happens when we try generating sequences without 
this prefix? 

• Error propagation: any mistakes make the prefix for the 
next tokens out of distribution from training! 

• Instead: we need to train models on their own outputs 

• Where do we get a learning signal from? —> reward function



Markov Decision Process

policy — tells us what actions to take 
in some state

<latexit sha1_base64="6JobsyezYDgoY+z6u1W2Ehiiwt4=">AAACG3icbVDLSgNBEJz1GeMr6tHLYBA8hV0RFU/xcfAY0WggG0PvZDYZnH0w06uEZf/Di7/ixYMingQP/o2TZBGNFjQUVd10d3mxFBpt+9OamJyanpktzBXnFxaXlksrq5c6ShTjdRbJSDU80FyKkNdRoOSNWHEIPMmvvJvjgX91y5UWUXiB/Zi3AuiGwhcM0Ejt0rYbC3pA3QCwx0Cm5xl1lej2EJSK7qh7wiXCdfrtH2ZZu1S2K/YQ9C9xclImOWrt0rvbiVgS8BCZBK2bjh1jKwWFgkmeFd1E8xjYDXR509AQAq5b6fC3jG4apUP9SJkKkQ7VnxMpBFr3A890Dm7U495A/M9rJujvt1IRxgnykI0W+YmkGNFBULQjFGco+4YAU8LcSlkPFDA0cRZNCM74y3/J5XbF2a3snu2Uq0d5HAWyTjbIFnHIHqmSU1IjdcLIPXkkz+TFerCerFfrbdQ6YeUza+QXrI8vijKhyg==</latexit>

⇡ : S ! �A

<latexit sha1_base64="bJMahMp9ooFdVqU7kjATwLwCVr8=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy4r2gdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJ56LuNeqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPjzqRdA==</latexit>

S environment states
<latexit sha1_base64="75q59Ir/CrJ8pZbnKm+P350/T4A=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjMi1WXVjcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XByl/vdJ6YNV/IRpgkLYjKSPOKUgJX8fkxgTInIbmaDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoNx4ua83boo4yOkGn6Bx56Ao10T1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPc+CRYg==</latexit>

A environment actions
<latexit sha1_base64="rCTWufs4hN6u9WmWZgjI/FAZTG4=">AAACNHicbVDJSgNBEO1xN25Rj14ag+ApzIhE8eR2ELxETIyQiaGm00ma9Cx01yhhmI/y4od4EcGDIl79Bnti0Lg8aHj9qh5V9bxICo22/WiNjU9MTk3PzObm5hcWl/LLKxc6jBXjVRbKUF16oLkUAa+iQMkvI8XB9ySveb2jrF675kqLMKhgP+INHzqBaAsGaKRm/tT1AbsMZFJJ6R79+p2n1EXhc/0tHRhJiU4XQanwhrrHXCJcjTia+YJdtAegf4kzJAUyRLmZv3dbIYt9HiCToHXdsSNsJKBQMMnTnBtrHgHrQYfXDQ3A7NNIBkendMMoLdoOlXkB0oE66kjA17rve6YzW1H/rmXif7V6jO3dRiKCKEYesM9B7VhSDGmWIG0JxRnKviHAlDC7UtYFBQxNzjkTgvP75L/kYqvolIqls+3C/uEwjhmyRtbJJnHIDtknJ6RMqoSRW/JAnsmLdWc9Wa/W22frmDX0rJIfsN4/AA0prFg=</latexit>

T : S ⇥A ! �S
transition function — tells us what 
might happen if we execute some 
action in some state

<latexit sha1_base64="6d17AxdxPWdi1M465YgKBLTXWts=">AAACLHicbZBLSwMxEMez9VXra9Wjl2ARPJVdkSqeqr14rI8+oF1KNs22odnNkswqZekH8uJXEcSDRbz6OUwf+KgOBP75zQwz8/djwTU4zsjKLCwuLa9kV3Nr6xubW/b2Tk3LRFFWpVJI1fCJZoJHrAocBGvEipHQF6zu98vjfP2OKc1ldAuDmHkh6UY84JSAQW273AoJ9CgR6fUQn+Gv380Qt4CHTH+jc4MU7/aAKCXvp9z3TV/bzjsFZxL4r3BnIo9mUWnbz62OpEnIIqCCaN10nRi8lCjgVLBhrpVoFhPaJ13WNDIiZg8vnRw7xAeGdHAglXkR4An92ZGSUOtB6JvK8YZ6PjeG/+WaCQSnXsqjOAEW0emgIBEYJB47hztcMQpiYAShiptdMe0RRSgYf3PGBHf+5L+idlRwi4Xi1XG+dDGzI4v20D46RC46QSV0iSqoiih6QE/oFY2sR+vFerPep6UZa9azi36F9fEJYeGo9Q==</latexit>

R : S ⇥A ! R reward function — tells us how good it 
is to take some action in some state

<latexit sha1_base64="iRx7JfmbjcTO03egiHP5XSdufr4=">AAAB+nicbVBNS8NAEN3Ur1q/Uj16WSxCvZREpHosevFYwX5AE8Jmu22X7iZhd6KU2J/ixYMiXv0l3vw3btsctPXBwOO9GWbmhYngGhzn2yqsrW9sbhW3Szu7e/sHdvmwreNUUdaisYhVNySaCR6xFnAQrJsoRmQoWCcc38z8zgNTmsfRPUwS5ksyjPiAUwJGCuwyCQB7mkvsJbyqAzgL7IpTc+bAq8TNSQXlaAb2l9ePaSpZBFQQrXuuk4CfEQWcCjYtealmCaFjMmQ9QyMimfaz+elTfGqUPh7EylQEeK7+nsiI1HoiQ9MpCYz0sjcT//N6KQyu/IxHSQosootFg1RgiPEsB9znilEQE0MIVdzciumIKELBpFUyIbjLL6+S9nnNrdfqdxeVxnUeRxEdoxNURS66RA10i5qohSh6RM/oFb1ZT9aL9W59LFoLVj5zhP7A+vwBGvuTRQ==</latexit>

at ⇠ ⇡(st)

iteratively sample actions from 
policy and execute them

<latexit sha1_base64="ON7vcyUD8BMw2UlUoZW1K5UzoQk=">AAACC3icbVDLSsNAFJ3UV62vqEs3Q4tQUUoiUl0W3bis0Bc0JUymk3bo5MHMjVBC9278FTcuFHHrD7jzb5y0WWj1wIXDOfdy7z1eLLgCy/oyCiura+sbxc3S1vbO7p65f9BRUSIpa9NIRLLnEcUED1kbOAjWiyUjgSdY15vcZH73nknFo7AF05gNAjIKuc8pAS25Zlm5KZzaM+woHmAnIDCmRKStWVW5cIaJCyeuWbFq1hz4L7FzUkE5mq756QwjmgQsBCqIUn3bimGQEgmcCjYrOYliMaETMmJ9TUMSMDVI57/M8LFWhtiPpK4Q8Fz9OZGSQKlp4OnO7Fi17GXif14/Af9qkPIwToCFdLHITwSGCGfB4CGXjIKYakKo5PpWTMdEEgo6vpIOwV5++S/pnNfseq1+d1FpXOdxFNERKqMqstElaqBb1ERtRNEDekIv6NV4NJ6NN+N90Vow8plD9AvGxzeVbJoi</latexit>

st+1 ⇠ T (st, at)
<latexit sha1_base64="sR24iEYBhr5YNS1EtdOQh4ALyqc=">AAACBHicbVDLSsNAFJ34rPUVddnNYBEqSElEqhuh6MZlFfuANoTJdNIOnTyYuRFK6MKNv+LGhSJu/Qh3/o2TNgttPXDhcM693HuPFwuuwLK+jaXlldW19cJGcXNre2fX3NtvqSiRlDVpJCLZ8YhigoesCRwE68SSkcATrO2NrjO//cCk4lF4D+OYOQEZhNznlICWXLMkXcCXuBcQGFIi0rtJRblwgokLx65ZtqrWFHiR2DkpoxwN1/zq9SOaBCwEKohSXduKwUmJBE4FmxR7iWIxoSMyYF1NQxIw5aTTJyb4SCt97EdSVwh4qv6eSEmg1DjwdGd2rJr3MvE/r5uAf+GkPIwTYCGdLfITgSHCWSK4zyWjIMaaECq5vhXTIZGEgs6tqEOw519eJK3Tql2r1m7PyvWrPI4CKqFDVEE2Okd1dIMaqIkoekTP6BW9GU/Gi/FufMxal4x85gD9gfH5AxZSlx0=</latexit>

rt = R(st, at)



Markov Decision Process

<latexit sha1_base64="6JobsyezYDgoY+z6u1W2Ehiiwt4=">AAACG3icbVDLSgNBEJz1GeMr6tHLYBA8hV0RFU/xcfAY0WggG0PvZDYZnH0w06uEZf/Di7/ixYMingQP/o2TZBGNFjQUVd10d3mxFBpt+9OamJyanpktzBXnFxaXlksrq5c6ShTjdRbJSDU80FyKkNdRoOSNWHEIPMmvvJvjgX91y5UWUXiB/Zi3AuiGwhcM0Ejt0rYbC3pA3QCwx0Cm5xl1lej2EJSK7qh7wiXCdfrtH2ZZu1S2K/YQ9C9xclImOWrt0rvbiVgS8BCZBK2bjh1jKwWFgkmeFd1E8xjYDXR509AQAq5b6fC3jG4apUP9SJkKkQ7VnxMpBFr3A890Dm7U495A/M9rJujvt1IRxgnykI0W+YmkGNFBULQjFGco+4YAU8LcSlkPFDA0cRZNCM74y3/J5XbF2a3snu2Uq0d5HAWyTjbIFnHIHqmSU1IjdcLIPXkkz+TFerCerFfrbdQ6YeUza+QXrI8vijKhyg==</latexit>

⇡ : S ! �A

<latexit sha1_base64="rCTWufs4hN6u9WmWZgjI/FAZTG4=">AAACNHicbVDJSgNBEO1xN25Rj14ag+ApzIhE8eR2ELxETIyQiaGm00ma9Cx01yhhmI/y4od4EcGDIl79Bnti0Lg8aHj9qh5V9bxICo22/WiNjU9MTk3PzObm5hcWl/LLKxc6jBXjVRbKUF16oLkUAa+iQMkvI8XB9ySveb2jrF675kqLMKhgP+INHzqBaAsGaKRm/tT1AbsMZFJJ6R79+p2n1EXhc/0tHRhJiU4XQanwhrrHXCJcjTia+YJdtAegf4kzJAUyRLmZv3dbIYt9HiCToHXdsSNsJKBQMMnTnBtrHgHrQYfXDQ3A7NNIBkendMMoLdoOlXkB0oE66kjA17rve6YzW1H/rmXif7V6jO3dRiKCKEYesM9B7VhSDGmWIG0JxRnKviHAlDC7UtYFBQxNzjkTgvP75L/kYqvolIqls+3C/uEwjhmyRtbJJnHIDtknJ6RMqoSRW/JAnsmLdWc9Wa/W22frmDX0rJIfsN4/AA0prFg=</latexit>

T : S ⇥A ! �S

<latexit sha1_base64="bJMahMp9ooFdVqU7kjATwLwCVr8=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy4r2gdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJ56LuNeqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPjzqRdA==</latexit>

S
<latexit sha1_base64="75q59Ir/CrJ8pZbnKm+P350/T4A=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjMi1WXVjcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XByl/vdJ6YNV/IRpgkLYjKSPOKUgJX8fkxgTInIbmaDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoNx4ua83boo4yOkGn6Bx56Ao10T1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPc+CRYg==</latexit>

A

<latexit sha1_base64="6d17AxdxPWdi1M465YgKBLTXWts=">AAACLHicbZBLSwMxEMez9VXra9Wjl2ARPJVdkSqeqr14rI8+oF1KNs22odnNkswqZekH8uJXEcSDRbz6OUwf+KgOBP75zQwz8/djwTU4zsjKLCwuLa9kV3Nr6xubW/b2Tk3LRFFWpVJI1fCJZoJHrAocBGvEipHQF6zu98vjfP2OKc1ldAuDmHkh6UY84JSAQW273AoJ9CgR6fUQn+Gv380Qt4CHTH+jc4MU7/aAKCXvp9z3TV/bzjsFZxL4r3BnIo9mUWnbz62OpEnIIqCCaN10nRi8lCjgVLBhrpVoFhPaJ13WNDIiZg8vnRw7xAeGdHAglXkR4An92ZGSUOtB6JvK8YZ6PjeG/+WaCQSnXsqjOAEW0emgIBEYJB47hztcMQpiYAShiptdMe0RRSgYf3PGBHf+5L+idlRwi4Xi1XG+dDGzI4v20D46RC46QSV0iSqoiih6QE/oFY2sR+vFerPep6UZa9azi36F9fEJYeGo9Q==</latexit>

R : S ⇥A ! R

<latexit sha1_base64="iRx7JfmbjcTO03egiHP5XSdufr4=">AAAB+nicbVBNS8NAEN3Ur1q/Uj16WSxCvZREpHosevFYwX5AE8Jmu22X7iZhd6KU2J/ixYMiXv0l3vw3btsctPXBwOO9GWbmhYngGhzn2yqsrW9sbhW3Szu7e/sHdvmwreNUUdaisYhVNySaCR6xFnAQrJsoRmQoWCcc38z8zgNTmsfRPUwS5ksyjPiAUwJGCuwyCQB7mkvsJbyqAzgL7IpTc+bAq8TNSQXlaAb2l9ePaSpZBFQQrXuuk4CfEQWcCjYtealmCaFjMmQ9QyMimfaz+elTfGqUPh7EylQEeK7+nsiI1HoiQ9MpCYz0sjcT//N6KQyu/IxHSQosootFg1RgiPEsB9znilEQE0MIVdzciumIKELBpFUyIbjLL6+S9nnNrdfqdxeVxnUeRxEdoxNURS66RA10i5qohSh6RM/oFb1ZT9aL9W59LFoLVj5zhP7A+vwBGvuTRQ==</latexit>

at ⇠ ⇡(st)
<latexit sha1_base64="ON7vcyUD8BMw2UlUoZW1K5UzoQk=">AAACC3icbVDLSsNAFJ3UV62vqEs3Q4tQUUoiUl0W3bis0Bc0JUymk3bo5MHMjVBC9278FTcuFHHrD7jzb5y0WWj1wIXDOfdy7z1eLLgCy/oyCiura+sbxc3S1vbO7p65f9BRUSIpa9NIRLLnEcUED1kbOAjWiyUjgSdY15vcZH73nknFo7AF05gNAjIKuc8pAS25Zlm5KZzaM+woHmAnIDCmRKStWVW5cIaJCyeuWbFq1hz4L7FzUkE5mq756QwjmgQsBCqIUn3bimGQEgmcCjYrOYliMaETMmJ9TUMSMDVI57/M8LFWhtiPpK4Q8Fz9OZGSQKlp4OnO7Fi17GXif14/Af9qkPIwToCFdLHITwSGCGfB4CGXjIKYakKo5PpWTMdEEgo6vpIOwV5++S/pnNfseq1+d1FpXOdxFNERKqMqstElaqBb1ERtRNEDekIv6NV4NJ6NN+N90Vow8plD9AvGxzeVbJoi</latexit>

st+1 ⇠ T (st, at)
<latexit sha1_base64="sR24iEYBhr5YNS1EtdOQh4ALyqc=">AAACBHicbVDLSsNAFJ34rPUVddnNYBEqSElEqhuh6MZlFfuANoTJdNIOnTyYuRFK6MKNv+LGhSJu/Qh3/o2TNgttPXDhcM693HuPFwuuwLK+jaXlldW19cJGcXNre2fX3NtvqSiRlDVpJCLZ8YhigoesCRwE68SSkcATrO2NrjO//cCk4lF4D+OYOQEZhNznlICWXLMkXcCXuBcQGFIi0rtJRblwgokLx65ZtqrWFHiR2DkpoxwN1/zq9SOaBCwEKohSXduKwUmJBE4FmxR7iWIxoSMyYF1NQxIw5aTTJyb4SCt97EdSVwh4qv6eSEmg1DjwdGd2rJr3MvE/r5uAf+GkPIwTYCGdLfITgSHCWSK4zyWjIMaaECq5vhXTIZGEgs6tqEOw519eJK3Tql2r1m7PyvWrPI4CKqFDVEE2Okd1dIMaqIkoekTP6BW9GU/Gi/FufMxal4x85gD9gfH5AxZSlx0=</latexit>

rt = R(st, at)



Learning from Rewards

• Main principle: we want to assign higher probability mass 
to (“reinforce”) actions that give us higher reward



Learning from Rewards

• Main principle: we want to assign higher probability mass 
to (“reinforce”) actions that give us higher reward 

• Simple policy gradient / REINFORCE algorithm: 

• Sample and execute a trajectory from the current policy, 
computing action-level rewards 

<latexit sha1_base64="LzLKQLe0KTKQ1Xii/fa1ar8C4Ho=">AAACEXicbVBNS8NAEN34WetX1KOXxSLUS0lEVPAievFYwarQhLLZTNulu0nYnYgl9C948a948aCIV2/e/Dduaw5+PRh4vDfDzLwok8Kg5304U9Mzs3PzlYXq4tLyyqq7tn5p0lxzaPFUpvo6YgakSKCFAiVcZxqYiiRcRYPTsX91A9qINLnAYQahYr1EdAVnaKWOWw9QyBiK4YgGRigaZKIe8DhFGigR09sjGmAfkO103JrX8Cagf4lfkhop0ey470Gc8lxBglwyY9q+l2FYMI2CSxhVg9xAxviA9aBtacIUmLCYfDSi21aJaTfVthKkE/X7RMGUMUMV2U7FsG9+e2PxP6+dY/cwLESS5QgJ/1rUzSXFlI7jobHQwFEOLWFcC3sr5X2mGUcbYtWG4P9++S+53G34+439873a8UkZR4Vski1SJz45IMfkjDRJi3ByRx7IE3l27p1H58V5/WqdcsqZDfIDztsnU2mcsQ==</latexit>

ỹ ⇠ ⇡(· | x; ✓)
<latexit sha1_base64="YpAXfT/ncUZsV7QwPU3SiniEMC0=">AAACG3icbVDLSgMxFM3UV62vqks3wSJUkDJTpLpQKLpxWcU+oFOGTJq2oZkHyR2xDPMfbvwVNy4UcSW48G/MtF3U1gOBk3PuJTnHDQVXYJo/RmZpeWV1Lbue29jc2t7J7+41VBBJyuo0EIFsuUQxwX1WBw6CtULJiOcK1nSH16nffGBS8cC/h1HIOh7p+7zHKQEtOfmydABfYtsjMKBExHdJ8fEE28BFl8WjxIkvIJm9wzF28gWzZI6BF4k1JQU0Rc3Jf9ndgEYe84EKolTbMkPoxEQCp4IlOTtSLCR0SPqsralPPKY68Thbgo+00sW9QOrjAx6rsxsx8ZQaea6eTDOoeS8V//PaEfTOOzH3wwiYTycP9SKBIcBpUbjLJaMgRpoQKrn+K6YDIgkFXWdOl2DNR14kjXLJqpQqt6eF6tW0jiw6QIeoiCx0hqroBtVQHVH0hF7QG3o3no1X48P4nIxmjOnOPvoD4/sXWYehBQ==</latexit>

rt = R(x, ỹ<t, ỹt)



Learning from Rewards

• Main principle: we want to assign higher probability mass 
to (“reinforce”) actions that give us higher reward 

• Simple policy gradient / REINFORCE algorithm: 

• Sample and execute a trajectory from the current policy, 
computing action-level rewards 

• For each action, weight its loss by the reward it was 
assigned

<latexit sha1_base64="LzLKQLe0KTKQ1Xii/fa1ar8C4Ho=">AAACEXicbVBNS8NAEN34WetX1KOXxSLUS0lEVPAievFYwarQhLLZTNulu0nYnYgl9C948a948aCIV2/e/Dduaw5+PRh4vDfDzLwok8Kg5304U9Mzs3PzlYXq4tLyyqq7tn5p0lxzaPFUpvo6YgakSKCFAiVcZxqYiiRcRYPTsX91A9qINLnAYQahYr1EdAVnaKWOWw9QyBiK4YgGRigaZKIe8DhFGigR09sjGmAfkO103JrX8Cagf4lfkhop0ey470Gc8lxBglwyY9q+l2FYMI2CSxhVg9xAxviA9aBtacIUmLCYfDSi21aJaTfVthKkE/X7RMGUMUMV2U7FsG9+e2PxP6+dY/cwLESS5QgJ/1rUzSXFlI7jobHQwFEOLWFcC3sr5X2mGUcbYtWG4P9++S+53G34+439873a8UkZR4Vski1SJz45IMfkjDRJi3ByRx7IE3l27p1H58V5/WqdcsqZDfIDztsnU2mcsQ==</latexit>

ỹ ⇠ ⇡(· | x; ✓)
<latexit sha1_base64="YpAXfT/ncUZsV7QwPU3SiniEMC0=">AAACG3icbVDLSgMxFM3UV62vqks3wSJUkDJTpLpQKLpxWcU+oFOGTJq2oZkHyR2xDPMfbvwVNy4UcSW48G/MtF3U1gOBk3PuJTnHDQVXYJo/RmZpeWV1Lbue29jc2t7J7+41VBBJyuo0EIFsuUQxwX1WBw6CtULJiOcK1nSH16nffGBS8cC/h1HIOh7p+7zHKQEtOfmydABfYtsjMKBExHdJ8fEE28BFl8WjxIkvIJm9wzF28gWzZI6BF4k1JQU0Rc3Jf9ndgEYe84EKolTbMkPoxEQCp4IlOTtSLCR0SPqsralPPKY68Thbgo+00sW9QOrjAx6rsxsx8ZQaea6eTDOoeS8V//PaEfTOOzH3wwiYTycP9SKBIcBpUbjLJaMgRpoQKrn+K6YDIgkFXWdOl2DNR14kjXLJqpQqt6eF6tW0jiw6QIeoiCx0hqroBtVQHVH0hF7QG3o3no1X48P4nIxmjOnOPvoD4/sXWYehBQ==</latexit>

rt = R(x, ỹ<t, ỹt)

<latexit sha1_base64="0bCx1UXA+UJNKUyGvyVg2ccRu/c="></latexit>

✓t+1 = ✓t + ↵
1

M

X

i=1

rir✓t log ⇡(ỹi | x, ỹ<i; ✓t)



Learning from Rewards

• Why do we sample from our policy? Why not just use 
demonstration data? 

• We want to train “on policy” — learn wrt. prefixes. that 
are likely to be generated by our model 

• Demonstration data is expensive to get, but we could 
sample lots of data from our policy 

• Why do we use rewards? 

• We (typically) don’t have a label of what action to take in 
some state if we never see that state in the 
demonstration data 



RL Algorithms

• Lots of variations beyond simple policy gradient / REINFORCE 

• Mostly focus on stabilizing training 

• What data do we see during training? —> depends heavily on 
what we sample, especially early on! 

• When the output space is huge (i.e., natural language tokens…) 
we might only see those actions a few times during training 

• RL is notorious for being really hard to get working… why is 
everyone talking about it now? 

• Won’t go into details of these variations — see discussion 
tomorrow!



Base LM objective

KL divergence with 
instruction-tuned model

Reward 
maximization

RLHF Objective

<latexit sha1_base64="6JobsyezYDgoY+z6u1W2Ehiiwt4=">AAACG3icbVDLSgNBEJz1GeMr6tHLYBA8hV0RFU/xcfAY0WggG0PvZDYZnH0w06uEZf/Di7/ixYMingQP/o2TZBGNFjQUVd10d3mxFBpt+9OamJyanpktzBXnFxaXlksrq5c6ShTjdRbJSDU80FyKkNdRoOSNWHEIPMmvvJvjgX91y5UWUXiB/Zi3AuiGwhcM0Ejt0rYbC3pA3QCwx0Cm5xl1lej2EJSK7qh7wiXCdfrtH2ZZu1S2K/YQ9C9xclImOWrt0rvbiVgS8BCZBK2bjh1jKwWFgkmeFd1E8xjYDXR509AQAq5b6fC3jG4apUP9SJkKkQ7VnxMpBFr3A890Dm7U495A/M9rJujvt1IRxgnykI0W+YmkGNFBULQjFGco+4YAU8LcSlkPFDA0cRZNCM74y3/J5XbF2a3snu2Uq0d5HAWyTjbIFnHIHqmSU1IjdcLIPXkkz+TFerCerFfrbdQ6YeUza+QXrI8vijKhyg==</latexit>

⇡ : S ! �A

<latexit sha1_base64="rCTWufs4hN6u9WmWZgjI/FAZTG4=">AAACNHicbVDJSgNBEO1xN25Rj14ag+ApzIhE8eR2ELxETIyQiaGm00ma9Cx01yhhmI/y4od4EcGDIl79Bnti0Lg8aHj9qh5V9bxICo22/WiNjU9MTk3PzObm5hcWl/LLKxc6jBXjVRbKUF16oLkUAa+iQMkvI8XB9ySveb2jrF675kqLMKhgP+INHzqBaAsGaKRm/tT1AbsMZFJJ6R79+p2n1EXhc/0tHRhJiU4XQanwhrrHXCJcjTia+YJdtAegf4kzJAUyRLmZv3dbIYt9HiCToHXdsSNsJKBQMMnTnBtrHgHrQYfXDQ3A7NNIBkendMMoLdoOlXkB0oE66kjA17rve6YzW1H/rmXif7V6jO3dRiKCKEYesM9B7VhSDGmWIG0JxRnKviHAlDC7UtYFBQxNzjkTgvP75L/kYqvolIqls+3C/uEwjhmyRtbJJnHIDtknJ6RMqoSRW/JAnsmLdWc9Wa/W22frmDX0rJIfsN4/AA0prFg=</latexit>

T : S ⇥A ! �S

<latexit sha1_base64="bJMahMp9ooFdVqU7kjATwLwCVr8=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy4r2gdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJ56LuNeqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPjzqRdA==</latexit>

S
<latexit sha1_base64="75q59Ir/CrJ8pZbnKm+P350/T4A=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjMi1WXVjcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XByl/vdJ6YNV/IRpgkLYjKSPOKUgJX8fkxgTInIbmaDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoNx4ua83boo4yOkGn6Bx56Ao10T1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPc+CRYg==</latexit>

A
<latexit sha1_base64="6d17AxdxPWdi1M465YgKBLTXWts=">AAACLHicbZBLSwMxEMez9VXra9Wjl2ARPJVdkSqeqr14rI8+oF1KNs22odnNkswqZekH8uJXEcSDRbz6OUwf+KgOBP75zQwz8/djwTU4zsjKLCwuLa9kV3Nr6xubW/b2Tk3LRFFWpVJI1fCJZoJHrAocBGvEipHQF6zu98vjfP2OKc1ldAuDmHkh6UY84JSAQW273AoJ9CgR6fUQn+Gv380Qt4CHTH+jc4MU7/aAKCXvp9z3TV/bzjsFZxL4r3BnIo9mUWnbz62OpEnIIqCCaN10nRi8lCjgVLBhrpVoFhPaJ13WNDIiZg8vnRw7xAeGdHAglXkR4An92ZGSUOtB6JvK8YZ6PjeG/+WaCQSnXsqjOAEW0emgIBEYJB47hztcMQpiYAShiptdMe0RRSgYf3PGBHf+5L+idlRwi4Xi1XG+dDGzI4v20D46RC46QSV0iSqoiih6QE/oFY2sR+vFerPep6UZa9azi36F9fEJYeGo9Q==</latexit>

R : S ⇥A ! R

<latexit sha1_base64="iRx7JfmbjcTO03egiHP5XSdufr4=">AAAB+nicbVBNS8NAEN3Ur1q/Uj16WSxCvZREpHosevFYwX5AE8Jmu22X7iZhd6KU2J/ixYMiXv0l3vw3btsctPXBwOO9GWbmhYngGhzn2yqsrW9sbhW3Szu7e/sHdvmwreNUUdaisYhVNySaCR6xFnAQrJsoRmQoWCcc38z8zgNTmsfRPUwS5ksyjPiAUwJGCuwyCQB7mkvsJbyqAzgL7IpTc+bAq8TNSQXlaAb2l9ePaSpZBFQQrXuuk4CfEQWcCjYtealmCaFjMmQ9QyMimfaz+elTfGqUPh7EylQEeK7+nsiI1HoiQ9MpCYz0sjcT//N6KQyu/IxHSQosootFg1RgiPEsB9znilEQE0MIVdzciumIKELBpFUyIbjLL6+S9nnNrdfqdxeVxnUeRxEdoxNURS66RA10i5qohSh6RM/oFb1ZT9aL9W59LFoLVj5zhP7A+vwBGvuTRQ==</latexit>

at ⇠ ⇡(st)
<latexit sha1_base64="ON7vcyUD8BMw2UlUoZW1K5UzoQk=">AAACC3icbVDLSsNAFJ3UV62vqEs3Q4tQUUoiUl0W3bis0Bc0JUymk3bo5MHMjVBC9278FTcuFHHrD7jzb5y0WWj1wIXDOfdy7z1eLLgCy/oyCiura+sbxc3S1vbO7p65f9BRUSIpa9NIRLLnEcUED1kbOAjWiyUjgSdY15vcZH73nknFo7AF05gNAjIKuc8pAS25Zlm5KZzaM+woHmAnIDCmRKStWVW5cIaJCyeuWbFq1hz4L7FzUkE5mq756QwjmgQsBCqIUn3bimGQEgmcCjYrOYliMaETMmJ9TUMSMDVI57/M8LFWhtiPpK4Q8Fz9OZGSQKlp4OnO7Fi17GXif14/Af9qkPIwToCFdLHITwSGCGfB4CGXjIKYakKo5PpWTMdEEgo6vpIOwV5++S/pnNfseq1+d1FpXOdxFNERKqMqstElaqBb1ERtRNEDekIv6NV4NJ6NN+N90Vow8plD9AvGxzeVbJoi</latexit>

st+1 ⇠ T (st, at)
<latexit sha1_base64="sR24iEYBhr5YNS1EtdOQh4ALyqc=">AAACBHicbVDLSsNAFJ34rPUVddnNYBEqSElEqhuh6MZlFfuANoTJdNIOnTyYuRFK6MKNv+LGhSJu/Qh3/o2TNgttPXDhcM693HuPFwuuwLK+jaXlldW19cJGcXNre2fX3NtvqSiRlDVpJCLZ8YhigoesCRwE68SSkcATrO2NrjO//cCk4lF4D+OYOQEZhNznlICWXLMkXcCXuBcQGFIi0rtJRblwgokLx65ZtqrWFHiR2DkpoxwN1/zq9SOaBCwEKohSXduKwUmJBE4FmxR7iWIxoSMyYF1NQxIw5aTTJyb4SCt97EdSVwh4qv6eSEmg1DjwdGd2rJr3MvE/r5uAf+GkPIwTYCGdLfITgSHCWSK4zyWjIMaaECq5vhXTIZGEgs6tqEOw519eJK3Tql2r1m7PyvWrPI4CKqFDVEE2Okd1dIMaqIkoekTP6BW9GU/Gi/FufMxal4x85gD9gfH5AxZSlx0=</latexit>

rt = R(st, at)

<latexit sha1_base64="vkgpnChbvKb0XFJu+ZpVPokSzqY=">AAACCnicbVBNS8NAEN34WetX1KOX1SJ4KolI9VjUg8cK9gOaUDbbbbt0Nwm7E2kJPXvxr3jxoIhXf4E3/42bNgdtfTDweG+GmXlBLLgGx/m2lpZXVtfWCxvFza3tnV17b7+ho0RRVqeRiFQrIJoJHrI6cBCsFStGZCBYMxheZ37zgSnNo/AexjHzJemHvMcpASN17KMR9jSX2JMEBpSI9GbS8YCNII1VJGPQk45dcsrOFHiRuDkpoRy1jv3ldSOaSBYCFUTrtuvE4KdEAaeCTYpeollM6JD0WdvQkEim/XT6ygSfGKWLe5EyFQKeqr8nUiK1HsvAdGYX63kvE//z2gn0Lv2Uh3ECLKSzRb1EYIhwlgvucsUoiLEhhCpubsV0QBShYNIrmhDc+ZcXSeOs7FbKlbvzUvUqj6OADtExOkUuukBVdItqqI4oekTP6BW9WU/Wi/Vufcxal6x85gD9gfX5A1lFm1w=</latexit>

x ⇠ Dprompts
<latexit sha1_base64="EyCeaumbJkwrzmQ3IYCo30fU7nM=">AAACJHicbVDLSgNBEJz1bXytevQyGAQFCbsiKuhB9OJRwTwgG8LsbCcZMrO7zPSKYcnHePFXvHjwgQcvfouTGFCjBQPVVd30dIWpFAY9792ZmJyanpmdmy8sLC4tr7iraxWTZJpDmScy0bWQGZAihjIKlFBLNTAVSqiG3fOBX70BbUQSX2MvhYZi7Vi0BGdopaZ7HKCQEeS9fhNpYISiQSrodsCjxNZKRPR2l3735CfYP7Z1B5DtNN2iV/KGoH+JPyJFMsJl030JooRnCmLkkhlT970UGznTKLiEfiHIDKSMd1kb6pbGTIFp5MMj+3TLKhFtJdq+GOlQ/TmRM2VMT4W2UzHsmHFvIP7n1TNsHTVyEacZQsy/FrUySTGhg8RoJDRwlD1LGNfC/pXyDtOMo821YEPwx0/+Syp7Jf+gdHC1Xzw9G8UxRzbIJtkmPjkkp+SCXJIy4eSOPJAn8uzcO4/Oq/P21TrhjGbWyS84H59Dg6SU</latexit>

ỹt ⇠ ⇡(· | x, ỹ<t; ✓)
<latexit sha1_base64="rXehUFGApTWrX27I3vwHsPwPD4A=">AAACEnicbZA9SwNBEIb34leMX6eWNotBSEDCnUgURAjaWCoYDSQh7O1NkiV7H+zOacKR32DjX7GxUMTWys5/4yam0MQXFh7emWF2Xi+WQqPjfFmZufmFxaXscm5ldW19w97cutFRojhUeSQjVfOYBilCqKJACbVYAQs8Cbde73xUv70DpUUUXuMghmbAOqFoC87QWC27qOkpVYX+Pm2gkD6kg+GJwS4gazUQ+pgquGfKHxZbdt4pOWPRWXAnkCcTXbbsz4Yf8SSAELlkWtddJ8ZmyhQKLmGYayQaYsZ7rAN1gyELQDfT8UlDumccn7YjZV6IdOz+nkhZoPUg8ExnwLCrp2sj879aPcH2cTMVYZwghPxnUTuRFCM6yof6QgFHOTDAuBLmr5R3mWIcTYo5E4I7ffIs3ByU3HKpfHWYr5xN4siSHbJLCsQlR6RCLsglqRJOHsgTeSGv1qP1bL1Z7z+tGWsys03+yPr4BoDYnXA=</latexit>

s = r(x, ỹ; ✓reward)

<latexit sha1_base64="EWDKmOohHJg7CSfim829Dk5cUYk="></latexit>

E(x,ỹ)

✓
s� � log

✓
⇡(ỹ | x; ✓)

⇡(ỹ | x; ✓instruct)

◆◆

<latexit sha1_base64="lIDOdHrci4VCo5mba2ducI/RZRc="></latexit>

+Ex2Dpretrain log ⇡(x; ✓)

Objective to maximize:



Pitfalls and Limitations 
of RLHF

• Reward hacking — exploiting errors in the reward model to achieve high 
estimated rewards 

• E.g., longer outputs get higher reward, regardless of quality otherwise 

• Hallucination and miscalibration 

• No examples of abstention to questions, so model will never know what it 
“doesn’t know” 

• Off-policy reward model 

• Our reward model isn’t trained on outputs the model is likely to produce 
now, after finetuning a bit through RLHF 

• Generalization of preferences 

• Can we learn when preferences are relevant or not? E.g., refusals to “kill a 
linux process”

Singhal et al. 2024


