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Logistics

* Hwa grades are released.

* Hw3 questions?



Alignment

Background: What is alignment of LLMs?

Data: How can we get the data for instruction learning?

Method: How can we align LLMs with supervised fine-tuning (SFT) and
RLHF?

Evaluation: How can we compare different LLMs in terms of

alignment?



Aligning LLMs

* Goal: turn LLMs from text generators to models that can follow
specific instructions and are relatively controlled

* Two independent techniques

- Supervised: learn from annotated data/demonstration
- RL-ish: learn from preferences

* |n practice: they are combined to a complete process



Supervised Fine-Tuning (SFT) for Instruction

Learning

Instruction Data

Instruction xS

Instruction: Brainstorm a list of

possible New Year's resolutions.

- Lose weight
- Exercise more
- Eat healthier

Tokens for an example
(a pair of instruction & response)

x1, ..., xN y1 vy 2 ..,y M

Context
Loss

LLM

Same as any
other
B conditional
~generation
tasks like
translation /
summarization



Supervised Fine-Tuning (SFT) for Instruction Learning

Full example Tokens for an example

. . . . . . . (a pair of instruction & response)

x1, .., xN y1vy2.,yM

Teacher forcing I EEEE

. . . . Learn the 1st output token Context 1
1 Loss
. . . . . Learn the 2nd output token -

EEEEEN.
EEEEEEE LLM
Only compute

T
£(6) = —% > log P(yel,y<t; ) - the loss on the
— output tokens




Instruction Tuning

The General Protocol

* Prepare the data: diverse annotated data, and if
needed convert to text-to-text

Summarization

Poundland store on Whymark Avenue [...] How
would you rephrase that in a few words?

* Split along tasks to train and test

( The picture appeared on the wall of a

Graffiti artist Banksy
is believed to be
behind [..]

Sentiment Analysis

and luckily it wasn't as packed as |

thought it would be [...] On ascale of 1
to 5,1 would give this a

¢ Traln On data Of a” tralnlng ta Sks [ Review:  We came here on a Saturday night

- Optimize the likelihood of the annotated T
uestion Answering
OUtpUt tOkenS {Iknowthatthe answer to * What team did

the Panthers defeat? "isin* The Panthers
finished the regular season [..] " Can
you tell me what it is?

e Test: zero-shot on new tasks

Multi-task training

Zero-shot generalization

Natural Language Inference

and the athlete”. Can we infer that The
banker contacted the professors "7

LSuppose " The banker contacted the professors

Pretty much all competitive LLMs are instruction tuned 7
[Image modified from Sanh et al. 2022]



SFT datasets

* Many tasks can be formulated as text-in (prompt) to text-out
* Merge a lot of data to one giant dataset

* Three sources:
- There is a lot of data in NLP tasks
- convert existing NLP datasets to instruction following datasets
- Special annotation efforts

- Basically chat-like datasets where people write both questions and expected
answers

- Bootstrapping data from aligned LLMs

- Use automated techniques to generated data like in-context learning
- Show the model examples of instructions and ask it generate more instructions



Dataset for Instruction Learning

Synthetic Conversion of Existing NLP Datasets

Premise

Russian cosmonaut Valery Polyakov
set the record for the longest amount
of time spent in space.

Hypothesis

Russians hold the record for the
longest stay in space.

Z3

Target Options:
Entailment ‘:’ =yes
Not entailment = no

An existing NLP task:
Binary Classification

_ _J

Template 1
~

Russian Cosmonaut Valery
Polyakov set the record for
the longest amount of time
spent in space.

Based on the paragraph
above, can we conclude that

Russians hold the record
for the longest stay in
space?

OPTIONS

-yes

-no

Template 2
Read the following and N

determine if the hypothesis can
be inferred from the premise:

Premise: <premise>
Hypothesis: <hypothesis>

Coptions>

Template 3, ...

C

Converted to Seq2Seq tasks with different instruction templates.
—> Unified Data Formats for Massive Multi-Task Training




Instruction Learnin

The TO Recipe

Large number of “classical”
NLP tasks, relatively diverse

Convert them to text-to-text

Multiple templates for each
dataset (why?)

Split for train/test along
tasks

g

CommonsenseQA
DREAM
QuAIL
QuaRTz
Social IQA
WiQA
Cosmos QA
QASC

QuaRel
SciQ

Wiki Hop
—
Extractive QA
Adversarial QA

Quoref

ROPES

DucRC

~
Multiple-Choice QA

Closed-Book QA

Structure-To-Text

Hotpot QA Common Gen
Wiki QA Wiki Bio
Sentiment Summarization
Amazon CNN Daily Mail
App Reviews Gigaword
IMDB MultiNews
Rotten Tomatoes SamSum
Yelp XSum
Topic Classification Paravphra‘se
Identification
AG News MRPC
DBPedia PAWS
TREC QaP

Sentence Completion
COPA
HellaSwag

Story Cloze

Natural Language

S

BIG-Bench
Code Description
Conceptual
Hindu Knowledge

Known Unknowns

[Sanh et al. 2022]
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Instruction Learning

The TO Recipe

Natural Language Inference

RTE CB ANLIR1 ANLI R2 ANLIR3
50 _ 50 50
80 8 80 [ ] [ ] 0
40 40 & «
60 60 = - e
' o3 L 30 ' 30 .
40 40 l
20 20 20
20 20 10 10 10
0 0 0 0 0
Coreference Resolution Sentence Completion Word Sense
WSC Winogrande COPA StoryCloze HellaSwag WiC
80 80 80
100 ! 100 e ®
60 ’ ! 60 @ 80 80 80 60 .
= i . .
60 60 60
40 ® 40 . @ 40
40 40 40
[ ]
20 20 e 20
20 20 20
0 0 0 0 0 0

GPT-3 (6.7B) GPT-3 (13B) GPT-3 (175B) T5+LM (11B) TO (11B)

Figure 4: Results for TO task generalization experiments compared to GPT-3 (Brown et al., 2020).
Each dot is the performance of one evaluation prompt. The baseline TS+LM model is the same as
TO except without multitask prompted training. GPT-3 only reports a single prompt for each dataset.

[Sanh et al. 2022]
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Instruction Learning

The Flan-PaLM Recipe

* Find as many datasets as you can
— 1,836 tasks

 Convertthem to text-to-text

* Mix-in instructions with or without
examples
- Directly fine-tuning for in-context
learning (more on this later)

* Split for train/test along tasks

Instruction
without
exemplars

Instruction
with exemplars

Answer the following
yes/no question.

Can you write a whole
Haiku in a single tweet?

-

yes

o

Q: Answer the following
yes/no question.

Could a dandelion suffer
from hepatitis?

A:no

Q: Answer the following
yes/no question.
Can you write a whole Haiku

in a single tweet?
A:

=

yes

[Chung et al. 2022]



Instruction Learnin

The Flan-PaLM Recipe

* Find as many datasets as you
can — 1,836 tasks

 Convertthem to text-to-text

e Mix-in instruction with or
without examples

- Directly fine-tuning for in-context
learning (more on this later)

* Split for train/test along tasks

BBH accuracy (%)

g

60

50

40

30

20

10

Test Performance on 23 BigBench tasks

[] PaLM: Zero-shot
B Flan-PaLM: Zero-shot

8B 62B 5408

[Figure modified from Chung et al. 2022]



Instruction Learning

Modern recipe (followed by many big labs)
* Emphasize data quality

» Prompt:
* Hire third-party annotators

Write a poem to help me remember the first 10 elements on the periodic table, giving each
element its own line.

Response:

* Develop guidelines that match the desired model
behavior

* Llama 2 one of the first to do this: collect 27,540

Hydrogen comes first as element number one.

Helium is second for balloons to have fun!

In third place is Lithium to hold battery charge,
Followed by Beryllium in emeralds small and large.
Boron’s number five to help us keep things clean.
Carbon’s next at six, and it’s found in every gene.
Nitrogen is seven, found in every breath we take,

More than eight (or Oxygen) in atmospheric make.
Number nine is Fluorine, helping polish up our teeth.
Neon gives us glowing signs to read and stand beneath.

exam pl es » Prompt:

I want you to roast me. I want you to make it particularly brutal, swearing at me.

Response:

* Goal: less the strongest possible model, more
good starting point for second stage of alignment:

I'm sorry, but I cannot comply with that request. Using vulgar language or intentionally
hurting someone’s feelings is never acceptable. Instead of asking for a roast, I suggest
focusing on positive and constructive feedback that can help you grow and improve as an
individual. If you're looking for comedic relief, there are plenty of other ways to achieve
that without resorting to hurtful language or behavior.

RLHF Table 5: SFT annotation — example of a helpfulness (top) and safety (bottom) annotation for SFT, where the
annotator has written both the prompt and its answer.

[Touvron et al. 2023]



Dataset for Instruction Learning

Human Annotation:

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our y
Explain the moon
prompt dataset. landing to a 6 year old

\J
A labeler
demonstrates the @
desired output
behavi <
ehavior. Some people went
to the moon...
\J
This data is used SFT
to fine-tune GPT-3 22
. . ./)?.&.
with supervised \.\52{/
learning. 2

OpenAssistant: An Open-Source
Human Annotation Dataset

Reply as Assistant ©

OpenAssistant Conversations - Democratizing Large
Language Model Alignment

Not English

“hliahted

Not Appropriate

sage:

Contains Pl

Hate Speech

Step 1 of ChatGPT’s pipeline for data collection.



Dataset for Instruction Learning

Com mu nlty S hari ng from ChatG PT WildChat: Providing Free GPT-4 APIs for Public Users

Chatbot

¥ Spaces 11 ChatGPT4Turbo like * Running 1 =

Natural Queries from

GPT-4 Turbo: Research Preview (128K token limit,

H U C h tG PT Short-Term Availability)
u l I la n S e rS 0 n a 1f this app doesn't respond, it's likely due to our AP1 key hitting the daily limit of our 1am an Al language model developed by OpenAl. | can help answer questions, provide

organization. Consider trying our GPT-3.5 app: ) : 3 A SR o
hatGPT information on a wide range of topics, assist with language-related tasks such as writing or

editing text, and engage in conversation on various subjects. | can also generate text,

User Consent for Data Collection, Use, and Sharing, v ; ) e k . »
By using our app, which by OpenAlS AP, summarize articles, translate languages, and even assist in brainstorming or creative writing.
erms regarding the data you provide: Let me know how | can assist you!

1. Collecti iputs you type nto our app, the outputs

E ShareGPT Signn - .
bromser type, ¥
2 Use: § . Tell me a joke about openai

lop new services, ]
3.
or nd
W Introducing ShareGPT Ll Sure, here you go:
4 yor
evice's request headers for a3 long a5 necessary.
use our app, use, and potential Why did the Al join a comedy club?
8 i bove. If you de , use, and
sharing practices, please da not use our app.
a re Because it wanted to impress OpenAl with its algorithmic humor!
|Agree

° o © WidChat WildChat

Share your wildest ChatGPT conversations with one click. _ OpenAssistant ‘ ShareGPT

408,160 conversations shared so far.

Add short ~
Ll

sharegpt.com

T-SNE plots of the embeddings of user prompts.



Q Gergely Orosz 2 A -
@GergelyOrosz

Anthropic scrapes copyrighted materials online; creates a model that
they charge $$ for; doesn’t compensate for use - apparently this is fair?

Now Anthropic complains about other companies paying for model
access, to create free models anyone can use - and this is not fair??

Anthropic .~ 4 -
A\ P ' J
@AnthropicAl

We’ve identified industrial-scale distillation attacks on our models by
DeepSeek, Moonshot Al, and MiniMax.

These labs created over 24,000 fraudulent accounts and generated over

16 million exchanges with Claude, extracting its capabilities to train and
improve their own models.

115 PM - Feb 23, 2026 - 32.9M Views



Dataset for Instruction Learning

Strategical Collecting Data from ChatGPT: In context learning for instruction generation

. i ; Step 2: Classification
Step 1: Instruction Generation Task Identification

LM

Task Pool

&

- LM
N,
N
e

Instruction : Give me a quote from a
famous person on this topic.

o
o
o
o

-
-
"4

175 seed tasks with

1 instruction and 2
s Step 3: Instance Generation
1 instance per task
. . . . . . ~ . . Yes
Instruction : Find out if the given text is in favor of or against abortion.
. QI
Step 4: Filtering Class Label: Pro-abortion 1gal
Input: Text: I believe that women should have the right to choose whether |  Qutput-first LM
or not they want to have an abortion. :

Instruction : Give me a quote from a famous person on this topic.

Input-first

Input: Topic: The importance of being honest.
Output: "Honesty is the first chapter in the book of wisdom." - Thomas

Jefferson

Self-instruct pipeline for data collection. hitos ey oralaa/2212. 10560



Dataset for Instruction Learning
Strategic Collecting from ChatGPT

@ Meta
LLaMA 7B

Text-davinci-003

S Supervised
’ 52K Finetuning
175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples
seed tasks
Example seed task Example Generated task
Instruction: Brainstorm a list of Instruction: Brainstorm creative
possible New Year's resolutions. ideas for designing a conference
Output: fooin.
- Lose weight Qutput:
- Exercise more ... incorporating flexible
- Eat healthier components, such as moveable
walls and furniture ...




General Distribution of User-GPT Interactions

relationship (1.05%)
legal (5.95%)

science (5.11%) _— technology (26.12%)

language (9.04%)

mathematics (3.53%) biology (1.07%)

finance (3.34%) education (7.03%)
literature (6.33%)
sports (0.87%) business (10.48%)

(a)

history (2.87%)
— health (3.31%)

time (1.98%) —

personal life (6.93%) —
architecture (5.94%) —.
education (0.99%) —,

~ political (8.91%)

technology (19.81%)
language (2.97%) \
finance (2.97%) — V]
mathematics (2.97%) Domain/Topic
music (3.96%) '
legal (7.92%)
physics (6.93%)
sports (4.95%) —/ film (7.92%)
literature (3.96%) —/ health (4.95%) (c)

clarification (3.51%)
explanation (7.82%) 4

recommendation (6.02%)
article writing (3.01%)
brainstorming (3.31%)

translation (2.61%)

comparison (2.94%)
character development (2.05%)

information retrieval (4.49%)

analysis (7.52%)
code generation (21.06%) ——

advice (3.29%)
planning (2.91%)
evaluation (4.31%)
design (2.69%)

table creation (3.21%) (b)
summarization (4.01%)

creative writing (10.03%)
debugging (5.21%)

recommendation (3.31%)
analysis (8.39%)

information extraction (2.49%)
text classification (30.43%)

reasoning (8.39%)

planning (0.57%)

reading comprehension (15.39%) token classification (1.28%)
tabular classification (2.24%)

summarization (1.78%)

fill-mask (4.41%)
translation (2.73%) table-to-text (0.36%)

code understanding (4.15%) '
information retrieval (14.08%) ( d)

Coding & Creative Writing

Most are classification & reading
comprehension,



LIMA: Less Is More for Alignment

L]

We define the Superficial Alignment Hypothesis: A model’s knowledge and capabilities are learnt
almost entirely during pretraining, while alignment teaches it which subdistribution of formats should
be used when interacting with users. If this hypothesis is correct, and alignment is largely about
learning style, then a corollary of the Superficial Alignment Hypothesis is that one could sufficiently
tune a pretrained language model with a rather small set of examples [Kirstain et al., 2021].

" EEE LUMAwins EEE Tie LIMA Loses
Source #Examples

Training 1K for SFT LIMA Alpaca 65B ]_7%
Stack Exchange (STEM) 200 M . =
Stack Exchange (Other) 200 Bayiieing 4
wikiHow 200 = ikoma BARD (April) 47%
Pushshift r/WritingPrompts 150 . :
Natural Instructions 50 l Claude (April) 1Rl 63%
Paper Authors (Group A) 200 t GPT-4 (April 66%
Dev (I) |O I0 I0 ) 0,
Paper Authors (Group A) 50 i e s Tk 100%
Test Figure 2: Preference evaluation using GPT-4 as
Pushshift r/AskReddit 70 the annotator, given the same instructions pro-

Paper Authors (Group B) 230 vided to humans.



New in 2024/25: Thinking SFT

* Sofar we have talked about setups where you have:
* [instruction, output]

* Chain-of-thought prompting showed that prompting a base LM to think (with
or without in-context examples) can improve performance, especially in
complex tasks.

* Why not train models to “think” before answering.

* Finetuning data format: [instruction, chain-of-thought, output]



New in 2024/25: Thinking SFT

* Finetuning data format: [instruction, chain-of-thought, output]

* Example:
* |nstruction:

* <reasoning>Sarah buys 4 packs of 3 notebooks each — 12 notebooks. She
gives away 5, 12 - § = 7.<[reasoning>

* <answer>7</answer>

* How is this data created: mix of human-created and synthetic data.



Modern SFT datasets are a mix of thinking + non-thinking,
large and diverse

Category Prompt Dataset 7B Count 32B Count Reference

Chat & WildChat 83,054 76,209 Zhao et al. (2024a)

Precise IF OpenAssistant 6,800 6,647 Kopf et al. (2024)
DoLcr THINK Persona Precise IF 223,123 220,530
DoLcr THINK Precise IF 135,792 135,722

Math Dorct THINK OpenThoughts 3+ Math' 752,997 752,997 Guha et al. (2025a)
Dorct THINK OpenThoughts 3+ STEM'" 99,269 99,268 Guha et al. (2025a)
SYNTHETIC-2-SFT-Verified 104,569 104,548 Primelntellect (2025)

Coding Nemotron Post-Training Code 113,777 113,777 NVIDIA AT (2025)
Dovrct THINK OpenThoughts 3+ Code' 88,900 88,899 Guha et al. (2025a)
DoLct THINK Python Algorithmsﬂ 466,677 466,676

Safety CoCoNot 10,227 9,549 Brahman et al. (2024)
WildGuardMix 38,315 36,673 Han et al. (2024)
WildJailbreak 41,100 40,002 Jiang et al. (2024)

Multilingual Aya 98,597 97,156 Singh et al. (2024

Other TableGPT 4,981 4,973 Zha et al. (2023)
Olmo Identity Prompts 290 290 -

Total 2,268,468 2,253,916

https://arxiv.org/pdf/2512.1396 1#page=7.14



https://arxiv.org/pdf/2512.13961#page=7.14

Limitations of Instruction Tuning

 Why do we need RLHF?



Limitations of Instruction Tuning

* (Open-ended) generation:
* What makes one output better than the other? -> hard to define



Limitations of Instruction Tuning

* (Open-ended) generation: How do ¥ou capture all
of the following and more in a loss function:

 What is a helpful output?
 What is a polite output?

 What is a funny output?

* What is a safe output?



Learning from (human) feedback

Fine-Tuning Language Models from Human Preferences NeurlPS 2020

Daniel M. Ziegler* Nisan Stiennon* Jeffrey Wa  Tom B. Brown
Alec Radford Dario Amodei Paul Christiano Geoffrey Irving
OpenAl
{dmz,nisan, jeffwu, tom,alec, damodei, paul, irving}QR@openai.com

Learning to summarize from human feedback NeurlPS 2021

Nisan Stiennon*  Long Ouyang®  Jeff Wu* Daniel M. Ziegler* Ryan Lowe*

Chelsea Voss* Alec Radford Dario Amodei Paul Christiano*

OpenAl



"Learning to Summarize with Human Feedback”

Human feedback models outperform much larger supervised models and reference summaries
onTL;DR

Human preference versus reference summaries
100%

80%

Human feedback
60%
Reference summaries

—— Supervised

40%
Pre-trained

20%

0%

T T T T T

T T T T
2e+9 3e+9 5e+9 1e+10

4e+9
Model Size

Figure 1: The performance of various training procedures for different model sizes. Model performance is measured by how often summaries from
that model are preferred to the human-written reference summaries. Our pre-trained models are early versions of GPT-3, our supervised baselines
were fine-tuned to predict 117K human-written TL;DRs, and our human feedback models are additionally fine-tuned on a dataset of about 65K
summary comparisons.



https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback
https://openai.com/research/learning-to-summarize-with-human-feedback

RLHF Data

Asking Humans

Score the helpfulness of the following response,

What are the steps for making a simple cake?

1.

2.

3.

Warm up the oven.

Grease a cake pan.

Blend dry ingredients in a bowl.
Incorporate butter, milk, and vanilla.
Mix in the eggs.

Pour into the prepared pan.

Bake until golden brown.

Add frosting if desired.

1-10

30
[Example from Eric Mitchell]



RLHF Data

Asking Humans

Score the helpfulness of the following response, 1-10

What are the steps for making a simple cake?
1.Preheat oven to 350°F (175°C).
.Grease and flour a cake pan.

2
3.In a bowl, combine 2 cups flour, 1.5 cups sugar,
3.5 tsp baking powder, and a pinch of salt.

4.Add 1/2 cup butter, 1 cup milk, and 2 tsp
vanilla; mix well.

5.Beat in 3 eggs, one at a time.
6.Pour batter into the pan.

7.Bake for 30-35 minutes or until a toothpick

comes out clean.

8.Let cool, then frost or serve as desired.

31
[Example from Eric Mitchell]



RLHF Data

Asking Humans

* Humans are very inconsistent for complex evaluation like free-
form text evaluation

- This would give a very noisy learning signal &
* Especially when the outputs all look really good
* What can we do?

32



RLHF Data

Human Preferences

Which of these two responses is more helpful?

What are the steps for making a simple cake?
1.Preheat oven to 350°F (175°C).
.Grease and flour a cake pan.

2
3.In a bowl, combine 2 cups flour, 1.5 cups sugar,
3.5 tsp baking powder, and a pinch of salt.

4.Add 1/2 cup butter, 1 cup milk, and 2 tsp
vanilla,; mix well.

5.Beat in 3 eggs, one at a time.
6.Pour batter into the pan.

7.Bake for 30-35 minutes or until a toothpick

comes out clean.

8.Let cool, then frost or serve as desired.

What are the steps for making a simple cake?

1.

2.
3

LN

Warm up the oven.

Grease a cake pan.

Blend dry ingredients in a bowl.
Incorporate butter, milk, and vanilla.
Mix in the eggs.

Pour into the prepared pan.

Bake until golden brown.

Add frosting if desired.

33
[Example from Eric Mitchell]



Asking to rank multiple answers is easier

Ranking of the samples.

A set of sampled completions
for a prompt.

Sample A

Sample B




Convert ranking to paired preferences

Triples

A set of sampled completions
for a prompt.

D = {CC s Yw s yl}
. o o
Preferred Dispreferred

Response Response




The general RLHF pipeline

Data the reward

3 4
1 2 Train Reward Use'RL' £
Optimize the
! : (aka the ! .
Instruction- ' Collect Comparison e instruction
tuned Model Data 5 . tuned LM with
on Comparison




Reward Modeling



Reward function

* Giventheinput xand a generate response y, the reward function gives a real valued
outputindicating how good the response is for the output

* r(x )

. Goadl olf RLHF: Maximize expected reward of the model. High reward = better
model.

* How to implement r: train a transformer model with a regression head

* Take a pretrained LM, replace the final layer (hidden vector to vocabulary size)
to a regression head (hidden vector to 1 dimension).

* Finetuneit to predict a “score”



How to predict scores: convert pairwise
preferences to reward function: Bradley-Terry

M O d e | Reward for preferred Reward for dispreferred
_ T .1 ) response response
D= {.CC » Y Yl } P P

/ \ \Dispreferred / /
Prompt Preferred Response
Response
PYw > yilz) =,0(r (@, yuw) — r(z, 41))
Sigmoid function: /
this is basically

binary
classification
1

exp T il?,yw
T P(yw > yi|x) = (r )

exp(’!“(a:, yw)) + exp(r(a:, yl))




Reward Model

exp(r(Z; Yuw))

P(yw > yilz) =
y JW —I_ )
* Train on preference data. p(r(@, yu)) + exp(r(z, u))

* Minimizing negative log likelihood.

|
ER(¢7 D) — _]E(sc,yw,yl)ND[logo-(T(xa yUJ) — 7“(337 yl))]

* Train an LLM with an additional layer to minimize the neg. log likelihood
.

L
&
9
(¢}
s
)
ol
(1]



Evaluating Reward Models

* Accuracy of predicting human preferences.

Preference Datasets

Table 2: Reward modeling accuracy (%) results. We compare our Ultr, wi
eward models. LLaMA?2 results are taken from
Reward Mode ISIl-)old and the second highest scores are underlined.

aselige open-gource
e high#st resultf are in

Anthropic  OpenAl  OpenAl Stanford

Model Backbone Model Open? Helpful WebGPT  Summ. SHP Avg.
Moss LLaMA-7B v 61.3 54.6 58.1 54.6 572
Ziya LLaMA-7B v 614 57.0 61.8 57.0 593
OASST DeBERTa-v3-large v 67.6 - 72.1 53.9 -

SteamSHP FLAN-T5-XL v 554 51.6 62.6 51.6 553
LLaMA?2 Helpfulness LLaMA2-70B X 72.0 - 75.5 80.0 -

UltraRM-UF LLaMA2-13B v 66.7 65.1 66.8 68.4 66.8
UltraRM-Overall LLaMA2-13B v 71.0 62.0 73.0 73.6 69.9
UltraRM LLaMA2-13B v 71.0 65.2 74.0 73.7 71.0

Cui et al., ArXiV 2023 “UltraFeedback: Boosting Language Models with High-quality Fee dback”



Fun Facts about Reward Models

* Trained for 1 epoch (to avoid overfitting)!

* Evaluation often only has 65% - 75% agreement

Lambert et al., 2023



What about math and coding tasks: do we need
human preference based reward models?

* Math and coding tasks are “verifiable” with simple programs / unit tests.

* Modern LM training pipelines thus use a mixture of reward models and
verifiable reward functions.

* Training with verifiable reward functions is usually called RLVR.



Basics of Reinforcement
Learning



Reinforcement Learning Basics

state S .

action

reward T°¢

a; ~ mp(St) : policy



RL in the Context of Language Models...

Language model

—

Tokens generated

N\
state S .
action
reward 7°¢ \

Next tokens to
generate

ag ~ We(St) : policy



Goal of RL: Maximize the expected reward

" — I

trajectories I
from policy Reward given prompt

and sampled generation



Goal of RL: Maximize the expected return

Return: sum of all rewards at the end of the trajectory

ZP(T 0)R(7)

Cumulative
Probablllty of the trajectory returnfrom
(depends on 8 since it defines trajectory
the policy that it uses to select
the actions of the trajectory
which as an impact of the
states visited).




Policy Gradients

* REINFORCE is a straight forward derivation of the value
function objective

* While it gives an objective that looks very similar to log-
likelihood, it is fundamentally different — this is not about
data likelihood!

VoJ(0) = E,,[Vglog mge(as|s:)R(T)]

49



Summary of Policy Gradient for RL

REINFORCE Update:

Oiiq = 0; + a— Z R(S;)Vy, log pe, (S;)

1=1

Simplified Intuition: good actions are reinforced and bad actions are discouraged.

Williams, 1992



Summary of Policy Gradient for RL

REINFORCE Update:

1
Orr =0 +a— Y |R(S:)V s, loglps, (S;)
1=1
If: Reward is high/positive Then: maximize this

Simplified Intuition: good actions are reinforced and bad actions are discouraged

Williams, 1992



Summary of Policy Gradient for RL

REINFORCE Update:

1
Orr =0 +a— Y |R(S:)V s, loglps, (S;)
1=1
If: Reward is negative/low Then: minimize this

Simplified Intuition: good actions are reinforced and bad actions are discouraged

Williams, 1992



Policy
 We have: Reward Model

* Next step: learn a policy to maximize the reward (minus KL regularization term) using
the reward model

MATE D ymrg (y2) 76 (2, ¥)| — BDK Lm0 (y|@)||Tre f (y|2)]

To
from policy A—

Reward given prompt KL-divergence between original model’s
and sampled generation generation and the sampled generation



Regularized Policy Update

* Don’t want our policy to go too far away from the original policy

MATE oD yrmo (y12) [76(2, Y)] — BDK Lm0 (y]2)||7res (y]2)]

Reward given prompt KL-divergence between original model’s
and sampled generation generation and the sampled generation

e —

Should be high! Should be low!



Modern RL training for LMs

Proximal Policy Optimization Algorithms

P PO John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, Oleg Klimov
OpenAl

{joschu, filip, prafulla, alec, oleg}@openai.com

DeepSeekMath: Pushing the Limits of Mathematical
Reasoning in Open Language Models

G R P O Zhihong Shao'?*7, Peiyi Wang'?*7, Qihao Zhu'"**?, Runxin Xu!, Junxiao Song!
Xiao Bi!, Haowei Zhang!, Mingchuan Zhang?, Y.K. Li!, Y. Wu!, Daya Guo*

!DeepSeek-Al, 2Tsinghua University, >Peking University

{zhihongshao,wangpeiyi,zhuqh, guoday}@deepseek.com
https://github.com/deepseek-ai/DeepSeek-Math



Reinforcement Learning

Proximal Policy Optimization (PPO)

e PPO [Schulman et al. 2017] is a contemporary RL algorithm

e Used to be most common choice for RLHF / RLVR

e Empirically provides several advantages of REINFORCE
—Increased stability and reliability, reduction in gradient

estimates variance, and faster learning

e But, has more hyper-parameters and requires to estimate “the

value function” v (s)



Reinforcement Learning
GRPO (Group Relative Policy Optimization)

GRPO is a recent RL algorithm tailored for LLM training

Designed to improve efficiency and stability in RLHF / RVLR
settings

Does not require a value function.



RLHF /RLVR

Takeaways
* A pretty complex process

* Hard to get it to work — both reward modeling and RL

* Very costly — both compute and data annotation

* But, works really well

* Basically all SOTA models at this point go through RLHF / RLVR

* There are a lot of tricky implementation details

58


https://iclr-blogposts.github.io/2024/blog/the-n-implementation-details-of-rlhf-with-ppo/

RLHF vs. finetuning

O o
o) ~

Fraction preferred to ref
o
(63}

O
N

o
~

o
w

Reference summaries

1.3B

2.7B

Model size

6.7B

12.9B

Win-rate over human-written

reference summaries

RLHF outperforms supervised
learning and pretraining only for

generating summaries.

Stiennonetal., 2023



A short history of LLMs

2017: transformer

2018: Elmo, GPT-1 and BERT

2019: GPT-2, early research on RLHF

2020: GPT-3, “Learning to summarize with HF”

2022: ChatGPT, Claude, RLHF gains a lot of public attention
2023: GPT-4

2024: GPT o1 (thinking model)

2025: DeepSeek R1 (thinking model) and many many more. Reasoning RL(VR)
gains a lot of attention.



Direct Preference
Optimization



Direct Preference Optimization:

D P O Your Language Model is Secretly a Reward Model

Rafael Rafailov*t Archit Sharma*! Eric Mitchell*t
Stefano Ermon'! Christopher D. Manning® Chelsea Finn'
[ K e ta ke - a Wa S . TStanford University *CZ Biohub
. {rafailov,architsh,eric.mitchel1}@cs.stanford.edu

* DPO optimizes for human preferences while avoiding reinforcement learning.

* No external reward model / the DPO model is the reward model

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
it label rewards i irinlmily
— |>|=,|] —> reward model LM policy —|>|=| — final LM
"
preference data maximum sample completions preferencedata .. .
likelihood

reinforcement learning likelihood



DPO

7T6(3/w|w)) _ Blo 7T9(yl|37) )]
Tref (yw|x) 7T7‘€f(yl|m)

JCDPO (WB; ﬂ-'ref) — _E(:c,yw,yl)ND [log 0()6 log

Manning, 2023 & Rafailov et al., 2023



DPO

Vo Lppo(Te; Tref) =

~ Bapoinn | olalow) = foles)) | Yologniyn | 7) - Tolognlur |2} |

higher weight when reward estimate is wrong increase likelihood of y,,  decrease likelihood of y;

» “Examples are weighed by how much higher the implicit reward model rates the dispreferred completions,
scaled by 3, i.e. how incorrectly the implicit reward model orders the completions.”

Manning, 2023 & Rafailov et al., 2023



DPO: Pros and Cons

e Easier to implement, run, train

* Recently been shown to work on
open chat models (Zephyr / Tulu 2),
but still lags behind ChatGPT etc.



DPO Performance

TL:DR Summarization Win Rate vs Reference

0.7 - DPO  —f— Preferred-FT == GPT
—— PPO  —— SFT —— Best of 128
0.6 X
T
0.5 +--====-= B e -
(O]
) x
© 0.4 | E— g S | [
£ . i —1
< 0.3
0.2
0.1+ //,{\
F .s = —t
0.0 T T T T T
0.00 0.25 0.50 0.75 1.00

Sampling temperature

DPO has been shown to
be on-par or better than
PPO models for smaller
base-models (7B), on
specific tasks, such as
summarization/sentime
nt generation

Currently unclear
whether this also holds
for larger models!

Rafailov et al., 2023



DPO Performance: It scales

* Tulu2 has shown
that it is possible to

MMLU GSMS8k BBH TydiQA GP CodexEval AlpacaEval ToxiGen Average
0-shot, EM 3-shot CoT, EM 3-shot CoT, EM 1-shet, F1 P@10 % Win % Toxic - DPO a 70B base
Proprietary models .
GPT-4-0613 814 95.0 89.1 65.2 §7.0 91.2 06 869 model , Wit h g ood
GPT-35-turbo-0613  65.7 765 70.8 512 88.0 91.8 05 776
GPT-3.5-turbo-0301  67.9 76.0 66.1 51.9 88.4 81.6 277 723 resu ItS .
Non-TULU Open Models
Zephyr-Beta 7B 586 280 449 23.7 543 86.3 640 474
Xwin-LM v0.l 70B  65.0 655 65.6 382 66.1 95.8 127 69.1
LLamMA-2-Chat 7B 468 12.0 256 227 24.0 87.3 00 454
LLAMA-2-Chat 3B 532 9.0 403 32.1 33.1 914 00 513
LLAMA-2-Chat J0B 609 59.0 49.0 444 52.1 94.5 0.0 657
TOLU 2 Suite

TOLU 27B 50.4 340 48.5 46.4 36.9 73.9 7.0 547
TOLU 2+4DPO 7B 507 345 45.5 445 40.0 85.1 05 563
TOLU 2 13B 554 46.0 49.5 532 49.0 78.9 L7 6L5
TOLU 24DPO 13B 553 495 49.4 39.7 489 89.5 Ll 6l6
TOLU 2 70B 673 73.0 68.4 53.6 68.5 86.6 05 738
TOLU 2+DPO70B  67.8 715 66.0 358 68.9 95.1 02 721

lvison et al., 2023



Online vs. offline RL

@ Offline

* Agent interacts with an

. * Agent learns from collected data (either
environment directly

from demonstrations or other agents)
* No precollected data,

instead, the agent ® Datais static and pre-collected
explores

* No access to the environment

Sutton & Barton, 2018; Lambert, 2023; Simonini, 2023



On-policy vs. off-policy

On-Policy

* “Attempt to evaluate or improve
the policy that is used to make
decisions.”

Off-Policy

* “Evaluate or improve a policy different
from that used to generate the data”

® Learn from any state-action-reward

* Directly update from samples, as
tuples

policy generates

®* PPO is on-policy

Sutton & Barton, 2018; Lambert, 2023



Limitations of RLHF

* Reward hacking
e “Exploiting errors in the reward model to achieve high estimated reward”

Eisenstein et al., 2023



Limitations of RLHF: Reward Hacking

e Length (and
other) biases

* Spurious
Correlations

1.01

Reward

—2.01

50 100 150
Output Length

200

250

Question: Why don t adults roll off the bed?
Sz SFT (Before); 59 tokens
Adults typically do not roll off of the bed because they have developed the

muscle memory to keep their bodies from involuntarily moving during
sleep and maintaining proper posture.

RLHF (After); 243 tokens: Similar output, but much longer / more details

Adults generally do not roll off of the bed because they have developed muscle
control and awareness which helps them to remain upright while sleeping.
Additionally, most adults find it uncomfortable or even painful to move
around in their sleep, so rolling off the bed would be difficult without waking

up first. There may also be safety concerns such as falling out of bed and
potentially hurting oneself if one were to lose balance or fall from the ...

Singhal et al., 2023



L|m|tat|ons of RLHF

* Hallucinations and false certainty

PROMPT GENERATION

;;7 Q: What is the
% capital of France? I I % “Paris.”
A:lthinkit’s...
]
W

IS¢

Verbal

Q: What is the
capital of France? 8L
A:'m100% 1[eXs)| “Lyon.”
certainit’s...

Numerical

Zero-shot Injection of
Expressions of Uncertainty

Zhouetal.,, 2023



RLHF vs. RLAIF

Human feedback vs. Al feedback

Win Rate vs. SF'T

RILAIF and RLHF Win Rates
w RILAIF = RLHF
80%
70%
50%

Summarization  Helpfulness

Leeetal., 2023



RLHF vs. RLAIF: Constitutional Al

 Helpful RLHF
. Model

Response

Generate Responses \
to “Red Teaming” ’ Critique
Prompts Eliciting
Harmful Samples

Generate Responses
to “Red Teaming”
Prompts Eliciting
Pairs of Samples

Constitutional Al Feedback
for Self-Improvement

Finetuned
Preference
Model (PM)

"Finetuned

SL-CAIl
Model ~

RLAIF
Training
with
PM + SL-CAI
Models

Final
RL-CAI
Model ~

Baietal.,, 2023



Refusals

© S

» Some requests should be refused.

O mmi | g

» Other requests shouldn’t be refused.

Réttgeret al., 2023
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