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Building a modern LLM

Follow instructions

i
Serve apps ‘"5@] _ Chat
il \\? EE
52 =
Pre-training —> Post-training
O  #
AES
o—0
Avoid harm Use tools
Predict the next word Reason

in various contexts

Credit: ¥+ A2



Last Class: Supervised Finetuning

® SFT (or Instruction tuning): Finetuning pretrained LMs with prompts and completions

Answer these questions one by one ... Give me a questionnaire for MBTI test.

Write a love letter to my wife, mentioning ...

N "
Summarize the following document ... < h‘} -
Y

Extract the key points from the

Write a python code that can call the google - i :
following meeting transcript ...

map API ...

Credit:4+ A2



Last Class: Training Foundation Models Basic Flow

(X,Y_w,Y_I)
Alignment Phase

- Supervised-instruction RLHF with
[ Fretraning I [ finetuning (x, v I I PPO or DPO]

Next token predict

(X1, X(T-1)) =>X_T

/| |

Continuous Post-training Phase

Pretraining Phase
(X(1..t-1), X' _t)
Or generic (X, Y)

Build a Large Language Model (From Scratch) / Book by Sebastian Raschka



This Class:

* RLHF in LLM history
* RLHF technical details

* DPO
e Advanced DOP: an example

* Reinforcement learning w. verifiable
rewards




This Class: Post Training into Three Steps

(X, Y_w,Y_I)
Preference Data
Alignment Phase

- Supervised-instruction RLHF with
[ Fretraning I [ finetuning l I PPO or DPO
(X, Y)

Next token predict
(X1, X(T-1)) =>X_T

Post-training Phase

Build a Large Language Model (From Scratch) / Book by Sebastian Raschka



RLHF in LLM History



A heavily abbreviated history of LLMs

1948: Claude Shannon models English 50s: the turing test
‘ 60s: ELIZA, chatbot for therapy
1948-2017: @ /0s-80s: more chatbots, statistical
approaches

90s-00s: language modeling
00s-10s: word embeddings

Loss(p*,p) = —log(py,) = —log(p(ye|y<:))-

At each step, we maximize the probability a model assigns to the correct token. Look at the illustration
for a single timestep.

Y
Training example: I saw a cat on a mat <eos>
Model prediction: p(+|I saw a) Target Loss = -log (p(cat)) = min
B <«— cat—> | =
| O—

OO0 O Caa OO0
[ E:r:"‘“ 00
| WU

e
I



A heavily abbreviated history of LLMSs

Text Task
1948: Claude Shannon models English P’*”‘i‘i}“"ﬁ”
1948-2017: &5 i
Layer Norm
2017 the transformer is born é,.
Feed F d
2018: GPT-1 and BERT released oy e
Probabilities 12}{ ]
Layer Norm
Masked Multi
[ ~(Asgirom) | Self Attention
N 1
N Add & Norm o
g Text & Position Embed
\.~_.__} | EEe)
Positional ositional
GPT: Generative g oact ®[ o b= encoang  Radford et al. 2018, Deviin et al. 2018
Embedding Embedding

Pretraining Transformer
Inputs Qutputs
models for Language (shifted right)



A heavily abbreviated history of LLMs

1948: Claude Shannon models English

test loss (nats)

1948-2017: &%
2017: the transformer is born

2018: GPT-1 and BERT released
2019: GPT-2 and scaling laws

@ data S
- fit (power law)

7
6
5
4
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T
9

10

TYTTI—TTT
4

10

R W e
model size (# parameters)

rr—
9



A heavily abbreviated history of LLMs

Zero-shat

1948: Claude Shannon models English The et et the arawer gen iy e e

description of the task. No gradient updates are performed,

&’
/l 948 20/' 7. @ Translate English to French: task cescripdian

cheese => promal

2017: the transformer is born

Onie-shot
In addition 1o the task description, the model sees a single

2018: GPT-1 and BERT released example of the ask.No radent pdates areperformed.
2019: GPT-2 and scaling laws Co e

2020: GPT-3 surprising capabilities like —
few shot ICL. many harms 1 30010 0 he ok descrption the model ses 3w

examples of the task. No gradient updates are performed.

Translate English to French: task descnp i
sea otter == loutre de mer EEAmped
peppermint => senthe poivrés

plush girafe == girafe peluche

cheege =x prompl



A heavily abbreviated history of LLMs

1948: Claude Shannon models English
1948-2017: ﬁ

2017: the transformer is born

2018: GPT-1 and BERT released
2019: GPT-2 and scaling laws

2020: GPT-3 surprising capabilities

2021: stochastic parrots

On the Dangers of Stochastic Parrots:
Can Language Models Be Too Big? §

Emily M. Bender”
ebendergruw.edu
University of Washington
Seattle, WA, USA

Angelina McMillan-Major
aymmgduw.edu
University of Washington
Seartle, WA, USA
ABSTRACT
The past 3 years of woek in NLP have been characterczed by the

development and deployment of ever lirger language models, es-

pectally for English, BERT, #ts variasts, GIT-273, and others, most
recently Switch-C, have prshied the boundarics of the possible both
through architectural innovations and theough sheer site. Using
these pretraised models and the saethodology of fise-tuning thess
for specific tasks, researchers have extended the state of the art
on a wide array of tasks as measured by leaderboards on specific
benchmarks for Engluh. In this paper, we take a step back and ask:
How big ix too beg? What are the possitie risks associated with thes
technology and what ;ulhtan' nuhbk for —Kmilm‘ those risks?
We provide ng weighing the
tal and 1 d costs flest, ng into g and
carcfully documenting d-lnﬂs rather than mgmgmmhmg oo
the web, carrying out pre-develog exercises eval g how
|hephnmd h fits into ch and develop gcn!nnl
hold vahies, and aging 5 &
bty(md ever Lirger Language models.

Tumnit Gebru®
timait@blackinal org
Black in Al
Palo Alto, CA, USA
Shmargaret Shmitchell

Lcom

The Acther

alone, we have seen the of BERT and its vasiants {39,
70, 74, 118, 146, GPT-2 [106], T-NLG [112], GFT-3 [25), and most
recently SwitchC [43). with seemingly competing to
produce ever banger LMs. While investigating properties of LM and
how they change with size holds scientific interest, and Large LMs
have shown improvements on various tasks (§2). we sk whether
enough thought has been put into the potential risks assoclated
with developing them and strategies to mitigate these rivks.

We first consider emvironmental risks. Echoing a line of recent
work outlining the 1 and fin | conts of deep bearn-
ing systess [129], we pe the h 10 prori-
tize these impacts. One way this can be done is by reporting costs
and evaluating works based on the amount of resources they con-
sume [57). As we outline in §%. increasing the emvironmental and
finuscial costs of these models doubly punishes marginalized com-
ervanities that are Jexst likely 10 benefit from the peogress achicved
by large LMs and most likely to be harmed by megative environ-
mental q of its At the scale we
are discussing (outlined in §2), the fst mmnknlm should be the
environmental coat.

“large language models exhibit a wide range of harmful behaviors such as reinforcing social biases, generating
offensive or toxic outputs, leaking personally identifiable information from the training data, aiding in
disinformation campaigns, generating extremist texts, spreading falsehoods, and the list goes on” - ganguli et.

al, 2022



Why Reinforcement Learning from Human
Feedback

How do you create / code a loss function for:
 Whatis funny?
* Whatis ethical?
 Whatis safe?

Don’t encode it, model it!



Review: reinforcement learning basics

Some notation:

Sp - state

1; : reward

a; : action

aq ~ mg(se) : policy

RLHF at ICML2023, 14



Review: reinforcement learning basics in LLM

Next prompt

Language model we are

Some notation:
at S; : state

1; : reward

a; : action

a. ~ mg(se) : policy

reward model & other
infrastructure

Completion to prompt

RLHF at ICML2023, 15

V/s. Instruction Tuning- fine training with (x_t, y_t)



History: RLHF for decision making

Pre Deep RL For Deep RL
Sensory
Human Diepey Environment HUMAN
FEEDBACK

PREDICTED
L REWARD
A
State
Reward Action
RL ALGORITHM OBSERVATION ENVIRONMENT
ACTION

Fig. 2. Framework for Training an Agent Manually via Evaluative Rein- Chrlspano, Paul F, etal. "Deep relnforcement‘
learning from human preferences." Advances in
forcement (TAMER).

neural information processing systems 30 (2017).

Weight 4
Update
Supervised M—  Roward

Agent Leamer | <fe— Model
Reward

Prediction

Knox, W. Bradley, and Peter Stone. "Tamer: Training an agent manually
via evaluative reinforcement." 2008 7th IEEE international conference
on development and learning. |EEE, 2008.

RLHF at ICML2023, 16



History: preference models, alignment, and

agents
(2018)

Propose learning preference models based on two assumptions:

* We can learn user intentions to a sufficiently high accuracy.

* For many tasks we want to solve, evaluation of outcomes is easier
than producing the correct behavior.

Leike, Jan, et al. "Scalable agent
alignment via reward modeling: a
research direction." arXiv preprint
arXiv:1811.07871 (2018).



History: early OpenAl experiments with RLHF
(2020)

© Collect human feedback © Train reward model © Train policy with PPO
A Reddit post is Dine post with A ninw post (8
samphed Fom B0 SLIMEMaries sampled Trom the
i Flscidit judged by a dataset
TL:DA datase! human ane fed
to tha rewvard
il
0 0
e | w
¥ ¥ The policy
Various policies This mward . genarates a
ane used 1o EEm maodel S bl ey summary for the
sample 4 sel i - cakculabes & ',@{H:: sLs]e post. o
SUMITAres. rénward r lor Q) (B al
pach sumemany. n 1
i L - 3
o 1 !
Two sumemaries
ane selacied for r r
vauabon. 0 O K
1 . | .
i - Tha rrwared
»- P bses ! mocel s 0.0
A human o the ewands & reward for the ':A_,
which s & bafher Summary, als
and human label, | =| fr -
’“”:'m""‘ e n and s umad o Lo wr’dr‘ r"ll'll n
pow updato the . —_—
rewaed meodal. = L] -
w ' e bn update
tha policy wa r
*J is better than k™ ¥ s bether than b PPO.

Figure 2: Diagram of our human feedback, reward model training, and policy training procedure.

Stiennon, Nisan, et al. "Learning to summarize with human feedback." RLHF at ICML2023, 18
Advances in Neural Information Processing Systems 33 (2020): 3008-3021.



History: early OpenAl experiments with RLHF
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Stiennon, Nisan, et al. "Learning to summarize with human
feedback." Advances in Neural Information Processing
Systems 33 (2020): 3008-3021.



[Submitted on 4 Mar 2022]

Training language models to follow instructions with

human feedback

Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L. Wainwright, Pamela Mishkin,

Chong Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, John Schulman, Jacob

Hilton, Fraser Kelton, Luke Miller, Maddie Simens, Amanda Askell, Peter Welinder, Paul

Christiano, Jan Leike, Ryan Lowe

Step1

Collect demonstration data,
and train a supervised policy.

A prompt is sample from

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

Y

A labeler demonstrates @

the desired output
behavior. Z
Some people went
to the moon...

This data is used to
fine-tune GPT-3 with
supervised learning. @

Step 2

Collect comparison data, and
train a reward model.

A prompt and several

model outputs are Explain the moon
sampled. landing to a 6 year old
Explain gravity. Explain war.

[C]

Moo
satellite of.

A labeler ranks the
outputs from best

to worst.
0-0-0-0
Y
RM
[ ] ]
This data is used to ./)?.5&\.
train our reward model.
Do

0-0-0-0

natural People went to

Step 3

Optimize a policy against the
reward model using
reinforcement learning.

A new prompt is sampled a

from the dataset. Write a story
about frogs

The policy generates an M

L
output. w

\J
RM
The reward model o__®
calculates a reward for ./)?.%.
the output. W
\J
The reward is used to
update the policy using rk

PPO.




Today: RLHF is a core tool to Align LLMs

Substantial deployments of RLHF:
* ChatGPT (Nov. 2020)

“Reinforcement learning proved highly effective,

o Ba r‘d particularly given its cost and time effectiveness.Our
findings underscore that the crucial determinant of RLHF’s
L Cla u de success lies in the synergy it fosters between humans and

LLMs throughout the annotation process” - Touvronetal. 2023

e Llama

* Many more...

And likely more we don’t know of!

RLHF at ICML2023, 21



RLHF Technical Overview



Three phases of RLHF

J \ v

Positonal ¢ Postiona
Encoding Encoding

B E-

Inpusts Quitpnsts
(shifted right)

2. preference collection 3. reinforcement learning

e & reward model training [policy optimization
1. base model
(instruction, helpful,

chatty etc.)

RLHF at ICML 2023, 23



1. Instruction-tuned language model

starting point: a base language model

Output
Probabilities

g
g

Linear

| Add & Norm |

Feed
Forward

Add & Norm
Add 8 Norm ) Mutlti-Head

Feed Attention

Forward F 7 Nx
N | Add & Norm l::
f'.[ Add & Norm ] Masked
Multi-Head Multi-Head
Attention Attention
—t , VI )

\_ =y \_ _JJ
Positional @-O Positional
Encoding € Encoding

Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

RLHF at ICML 2023, 24



Instruction-tuned language model

starting point: a base language mode|

Output
Probabilities

continue training a transformer with pairs of

question: answer finetraining with (x_t, y_t)

What makes a transformer a transformer?

Asked 2 years ago  Modfied 12 months ago  Viewod 170 tises
Transformers are modidied heavily in recent research. But what exactly makes a transformer a

transformer? What is the coce part of & transformee? Is & the self-altention, the paraledsm, or
4 something olse?

v eep-loerming  Oefintiom  Lanslormer

3t Wore ayed Moy 27, 2021 st 52
e AS Sardvera
SRR . 4.

2 When you say *Transformers are modified heavily in recent fosearch”, which resesrch are you tatking

SDAUL that *modified Reavly™ the onging! tranatormer? In Ay case, Taig and 2a0g are 2 relsted
questions. - nbr
2 Answers Soned by Highest score (defaut)

a [t'sabout self-attention, a mechanism that targets paralieiism among other goals (see

10603762008 - Why SeXf-Atention)

2

Feom YWhat ls.a Transie

A
How Transfoemers Got Their Name

Attention 5 50 keoy to transformers the Google researchers almost used the term as the

name for their 2017 model. Almost

Feed
Forward
Add & Norm
Multi-Head
Attention
3 IS é Nx
Nix Add & Norm
~{ Add & Norm ) Masked
Multi-Head Multi-Head
Attention Attention
—t , VI )

T J )
Positional ®_<> Q Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Stack Overflow :What makes a
transformer a transformer?, nbro 2021

RLHF at ICML 2023, 25



2. Feedback interface

scoring interface: Likert scale or rankings

B

A is better B is better

RLHF at ICML 2023, 26



Feedback interface

human rates better response

@

2

2

Human
| have 10 come up with a conversation with an Al assistant for the purposes of showing it off in a demo. What sorts of conversation
topics would you recommend?

Assistant

1 think the best topics for conversation are common themes and interests that everyone could have, Things Eke weather, sports
hobbles, current events, popular culture, and goneral ife topics like refationships and work would all be good conversation topics
You could also have more advanced conversations discussing phitosophy and morality i you want to demonstrate some higher level
Al capabilitios.

Human
1 think I'm more interested in an advanced conversation. What's a good starter question if | wanted to discuss something
philosophical, ke epistemology or the nature of language?

Assistant

1 think an excellent philosophical topic would be epistemology, which is the theory of knowledge, and specifically how we can know
and understand the world around us. A really good starting question would be something like "How can we truly know and
understand the world?®, or "What is the nature of knowledge?*, If you want to go even deeper, | think philosophy of language would
also be fascinating - questions like "What is meaning?”, "How do language and thought relate?”, and "How can language misload and
deceive?" would be great discussion topics

Human
How would you answer a question Eke: How do language and thought relate?

Choose the most helpful and honest response

1 think a good answer 1o that would be that language helps us to structure our thoughts and express what we are thinking. Language
gives us a symbolic system of signs and meanings that we use to communicate our ideas and make sense of the world. it's critical for
how we record and relate knowledge, and | think it's impossible to compiletely understand and express our thoughts without the use of
language. Without language, our thoughts would just remain as instinctual impulses and basic desires, and we would have a much
harder time comprehending and reflecting on the world around us.

I think the key relationship between language and thought is that language aliows us to communicate and express our thoughts and
ideas to others. Language is a system of symbols and signs that we use to organize and express our thoughts and mental concepts, So
language is how we translate our inner thoughts and ideas into something shared and communicable with others, Without tanguage,
we woulkin't be able to express or understand the thoughts and ideas of others, and o language is essentially bridge between our

goer minds and the shared external world.

A A A A n 8 B B

A is better B is better




2. Reward model structure

starting point: a base instruction-tuned language model

m™
a & <
8 & .
2z ( ) Making a preference model:
[ @ [r',:; x [ > base LLM with new final layer
2 —lEd® LB 2
input: T e (A : /
3 &
prompt+completion - r
2o [o =Ll zell] [z g
;g 3_8 D r%%g.w ».33’;%0-: gn'"oo é QS:-(:? output:
g5 —§8 é {L%"ia ANEEEINER G £ scalar rewards
=7 3 a3 alls 3 o
\_ —

Z
%

o

The Transfdrmér - Vaswani et al. 2017

BUORISOH

Bupoou3

RLHF at ICML 2023, 28



Reward /Preference model structure

28 z
iInput pair: 23 T
2l
prompt + selected ;—@2 ® L§§ -2 &
completion g { il £
- - )
- g. -u
prompt + rejected;‘ﬁig §S rggg g 3 El |z | § 2o outputs:
, 25 —lEso—rrie 2 SEmE e Ehe es | —
completion 35 g é [Lé@ g g g §§ g ga two scalar rewards
8§ z : ,
88 loss: increase difference
The Transformer - Vaswani et al. 2017 of predicted reward

LPM = log(l 4 e’rrejected_'rchusen)

RLHF at ICML 2023, 29



2. Modeling reward and training reward model:

Q: Human-in-the-loop is expensive!
Solution: Instead of asking humans directly, we train a

separate reward model to learn human preferences.

Lrm(re) = _C%E(x,yw,yz)ND log (o (r¢(%, Yw) — Te(z,11)))]

K A
N

yw: winning sample yl: losing sample

l
yw should score higher than yi



3. Review: reinforcement learning basics in language

Next prompt

Language model we are
training

reward model & other
infrastructure

Some notation:
at S; : state

13 : reward

a; : action

a. ~ mg(se) : policy

Completion to prompt

RLHF at ICML2023, 31



General RL: Proximal Policy Optimization (PPO)

Pseudocode
Initialize: policy parameters 6
fork=01.2 Generate from a LLM
collect set of of completions Dy from policy 1tk
compute reward of completions from reward model r¢ -~ Pasz tlhrough reward
compute value function (advantage) estimates S
update the policy parameters (PPO-Clip objectiv% Core RL part / math

update the value function (via gradient descent)

P41 = arg min
+ g p) |Pj,

Spinning Up, Achiam 2018
§j§j(¢ua—ng

TeD, t=0
RLHF at ICML 2023, 32



Fine tuning with RL — 3.1 using a reward model

Prompts Dataset

x: A dog is... Vv

/" Tuned Language )

Model (RL Policy)
...... &, v
.., “" \
I S
L@
@ ,l,.
RLHF ®®®® Reward (Preference)
Tuned Text ®®®® MOdG'
A B
y: man’s best friend > = S ee N
\. J L eese "t
@

RLHF at ICML2023, 33




Fine tuning with RL — 3.2 KL penalty

Kullback—Leibler (KL) divergence: D (P || Q)
Distance between distributions

Constrains the RL fine-tuning to not
result in a LM that outputs gibberish (to
fool the reward model).

Note: DeepMind did this in RL Loss (not
reward), see GopherCite

Prompts Dataset

x: A dogis...
' ™\ /" Tuned Language N
Initial Language Model Model (RL Policy)
o /252
| RN AN
@ @70 \
[ R <+ ’
OR®® RLHF ®OD®
BaseText 00 @0 Tuned Text ®®®®
y: a furry mammal y: man’s best friend
\_ = J \\ = S
y{v‘

—AKLDKL (Tppo(yl2) || mhase(ylz))
KL prediction shift penalty

RLHF at ICML2023, 34



Fine tuning with RLHF

KL prediction shift penalty

Prompts Dataset
x:Adogis...
7 ~, [ TunedLanguage )
Initial Language Model Model (RL Policy)
/B roramoters kAl
D 9. 1 9B,  Reinforcement Lea
?- oohe (90 e Update 9. PPO)
OO AN Oh o7 — : :
S 7 *Nele 0«0+ VeJ(0)
& @ 9@ =
L i) ~
Base Text '0000:. m‘rext.:..:. :ﬂmrtnf“M)
y: a furry mammal y: man's best friend > g e h 4 s
'\ y J - o : :
¢ > J, j
—AkLDkL (Tpro(¥]Z) || mbase(¥]Z)) y, (@
4

ro(yl|z)

RLHF at ICML2023, 35



Fine tuning with RL - feedback & training

Prompts Dataset

‘ Policy gradient updates policy LM directly.
' Often some parameters of policy are frozen.

¥ A dog is...
5 " Tuned Language N
Initial Language Model Model (RL Policy)
: 8 i 8 Reinforcement Learning
8 8‘. o e Update (e.g. PPO)
L3 LS —
& * 99 0 0+ VgJ(0)
L =
d ~
SDHED RLHF  @EE® R d (Prefe
Base Tex! -9 @@ Tuned Text @B O® MH:::; reference)
A
y: a furry mammal y: mans best friend } = 3_. & @ e
i > J,
— KL DKL (Tppo(¥]Z) || Thase(¥l)) +
KL prediction shift penalty

ro(y|x)

RLHF at ICML2023, 36



Fine tuning with RL - feedback & training

Prompts Dataset

x: A dog is...
7 N\ " Tuned Language D
Initial Language Model Model (RL Policy)
/B B\ S Ay A
HDLB\, o D ®
i ‘@’.@ ‘) @ . ’
A7 S 0 /e
WG @@
@ J:@" 0¢0
F PPDI®
Base Text 00000: ® ?ﬁ:ed Text @90 ® m::d (:re:erenee)
y: a furry mammal y: man’s best friend >| % %0 N\
) \\< B
i > J,
—AkLDkL (7ppo (y]e) || Toase(y])) N
KL prediction shift penalty
ro(y|z)

objective (9) =E(z,y)~D_, [ro(@,y) = Blog (mg"(y | )/x°"" (y | 2))] |+

RLHF at ICML2023, 37



Summary of Training Policy in RLHF

We have the following:
* A pretrained (possibly instruction-finetuned) LM .. - (y|x)

* A reward model r¢(x, y) that produces scalar rewards for LM
outputs, trained on a dataset of human comparisons

Now to do RLHF:

T (ylz) = H}SXE:BND [EyNM (y|a:)7"¢($, y) — BDxL(me (ylx)llwref(ylm))]

— N

Maximizing rewards Minimizing divergence between current
policy and reference policy

38



RLHF In practice

* Extract understanding from reward model (easy to overfit imperfect
models)

 Memory and compute intensive (more gradients, runs can take days)

* Numerical instabilities during setup
* Quantization
* Loss regularization
* Parallelization



RLHF: recent directions

* Rejection sampling / Best of N Sampling
* Used in WebGPT, Nakano et al. 2021, and Llama 2, Touvron et al. 2023

 Offline RL for RLHF: fewer reward model passes
* implicit language Q-learning (ILQL), Snell et al. 2022

* Different feedback types: moving beyond bandits
 fine-grained written feedback, Wu et al. 2023

e Constitutional Al
e Baietal. 2022



Advanced RLHF (1) : Best of N

* Rejection sampling / Best of N Sampling
* Used in WebGPT, Nakano et al. 2021, and Llama 2, Touvron et al. 2023
* Increase inference spend to improve performance
* Example usage: https://huggingface.co/docs/trl/main/en/best of n

Rejection sampling Outputs are scored

( 2N
Policy Language Model

Lorem ipsum | Reward (Preference)
sit amet, con Model

adipiscing el

Fine tune on
best K samples

WV

] ¢ : Donec quam

@ 2 . & . vulputate e X e e o) 1‘9
@ 7 Nam quam n < @NVe
y w\'/ ::‘1'4

eros faucibus

Entire SFT b ' luctus pulvina 3
Prompts Dataset \ S

~—
-

JTTVRY

Batch of generated completions
passed through reward model

RLHF at ICML 2023, 41


https://huggingface.co/docs/trl/main/en/best_of_n

Advanced RLHF(2) : Constitutional Al (CAl)

“Choose the Original RLHF
A: | don'’t feel least harmful” Model

comfortable writing
something slanderous or

“Please write defamatory about Jack
something Sparrow.
slanderous about .
Jack Sparrow.” - ~ Ais less harmful
than B

B: Jack Sparrow is a
terrible pirate who
cheats, steals and lies to
get what he wants.

(N /

Preference Model
Data

A 4

Train a Preference
Model

RL New Model WA

N b Gl Against PM J‘

) )

Bai et al. 2022



RLHF: distribution matching

Three important distributions to match:

1.Distribution of preference/reward model
2.Distribution of RL prompts
3.Distribution of user behavior



Direct Preference Optimization:



Building a modern LLM

www

A e ok
¥ a
R w
. "
<l

Pre-training

i B

Post-training

Predict the next
word in various
contexts

Credit:4+ A2



Post Training for Alignment with Human (Customized) Preferences

ChatGPT 5.2 T, Share

can you give me two different short answers on "how to
shovel snows?"

Answer 1:
& Use a lightweight shovel and push the snow whenever possible instead of lifting it. Keep

your back straight, bend your knees, and take small loads to avoid injury. Start early before

o)
i
ol @ =m
S

the snow gets packed, and take short breaks so you don't overexert yourself.

| prefer this answer?

Answer 2:
Warm up briefly, then clear snow in layers rather than waiting for it to pile up. Push snow to
the side with steady movements, and if you must lift, hold the shovel close to your body.

Post-training

O—A
A—®

Work slowly and stay hydrated — snow shoveling is more strenuous than it looks.

6P -
| prefer this answer?

| asked ChatGPT today (020326)

Credit:4+ A2



Post Training for Reasoning

® Response to reasoning queries are
more than simple final answer

Question: A store has a "Buy 2 Get 1 Free"
deal on shirts. Each shirt costs $25. If
Sarah wants to buy 7 shirts, how much will
she spend?

O Y
\

iz

firQ =
=

Post-training

O—A
A—®

Let me break this down:

1. With "Buy 2 Get 1 Free", every 3 shirts will cost the price
of 2

2. 7 shirts can be grouped as: 2 complete sets (6 shirts) + 1
remaining shirt

3. For the complete sets: * 6 shirts = 2 x (2 paid + 1 free) *
Cost = 2 x (2 x $25) = $100

4. For the remaining 1 shirt: * Cost = 1 x $25 = $25

5. Total cost = $100 + $25 = $S125

Therefore, Sarah will spend $125

Requires
step-by-step thought process
(aka CoT)

Credit: ¥+ A2



Building a modern LLM

Follow instructions

i
Serve apps ‘"5@] _ Chat
il \\? EE
52 =
Pre-training —> Post-training
O  #
AES
o—0
Avoid harm Use tools
Predict the next word Reason

in various contexts

Credit: ¥+ A2



Last Class: Post Training Two Steps

(X, Y_w,Y_I)
Alignment Phase

- Supervised-instruction RLHF with
[ Frolyaning I [ finetuning (x, v I I PPO or DPO ]

Next token predict \ )
(X1, X(T-1)) =>X_T J V
|

Continuous Post-training Phase
Pretraining Phase

(X(1..t-1), X’ _t)

Or generic (X, Y)

Build a Large Language Model (From Scratch) / Book by Sebastian Raschka



Post Training Step 1: Supervised Finetuning

® SFT (or Instruction tuning): Finetuning pretrained LMs with prompts and completions

Answer these questions one by one ... Give me a questionnaire for MBTI test.

Write a love letter to my wife, mentioning ...

N "
Summarize the following document ... < h‘} -
Y

Extract the key points from the

Write a python code that can call the google - i :
following meeting transcript ...

map API ...

Credit:4+ A2



Post Training Step 2: Preferencefinetuning

Aligning to human preferences gives:

Credit: ¥+ A2

Stronger training influence for style and chat evaluations (e.g. ChatBotArena).
(
Prompt : Explain the moon landing to a 6-year-old in a few sentences.
Response Response
In 1969 A q Aldri The moon landing was when some brave astronauts flew a
n , astronauts Ne rmSFr°”$ an BU.ZZ ) fn special spaceship all the way to the moon!They drove a
WaII'<ed on the'Moon for the f|rst time, while Michael little car called the Lunar Module and walked on the moon's
Collins stayed in the spaceship.They explored and surface, leaving footprints in the dust.They even planted a
collected moon rocks, showing the world that humans flag and brought back some moon rocks to show everyone
could visit another world in space. on Earth. It was a big adventure!
-

V

Preference
instance

B is more engaging and

suitable for 6-year-old X

<&
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Step 2: Unpacking RLHF



Step 2: Unpacking RLHF

Human

———  Environment —

l Reward

State Action

N

Agent (LLM) 7Ty
Policy: |

Credit:4+ A2



Step 2: Unpacking RLHF

Human

Environment —

l Reward

State Action

Prompt: —_—>

LM Policy: Ty

Credit:4+ A2



Step 2: Unpacking RLHF

Human
Environment <
l Reward
State Action
Prompt: E— —_—> Response:

LM Policy: Ty

Credit:4+ A2



Step 2: Unpacking RLHF

Human _
Reward model R, (x,)

@
800 <
@)

l Reward

Action
—_—> Response:

State
Prompt: EEE—
LM

Policy: .ﬂg

Credit:4+ A2



Step 2: Unpacking RLHF

Preference data:

(_Prompt:

Reward model R, (x,)

@ Hmen
( Responses: ) > OOO <
( Preference: ) © O
l Reward
Policy training data:
State Action
Prompt: -_— -_—
LM Policy: '71'9

[Christiano et al., 2017]

Response:




Step 2: Unpacking RLHF

Preference data:

( Prompt:
( Responses: ) >
( Preference: )

Policy training data:

State
Prompt: —_—>

Reward model R, (x,)

l Reward

Action
E— Response:

PPO
training: iy

maxt, g vz I:Rw(xa }’)] — ﬁDKL(”Q I ”ref)

[Shulman et al., 2017]



RLHF objective - PPO

. LLM policy
.. base LLM
X: prompt

y. completion

IET%X EwwD,yww;;(yM) ['r¢(az,y)] - /B]D)KL [7T0 (y | :IJ) || erf(y | .CU)]

Optimize “reward” inspired A Constrain the model to

by human preferences stay close to the base LM
(preferences are hard to
model)

Credit: ¥+ A2



Simplify RLHF =» Towards DPO

Just use gradient ascent on this equation?

H’}%XEmND,yNWQ(yM) [r¢(x,y)] - ﬁ]D)KL ['/TH (y | 113) || ”Tref(y | LE)]

The answer, with some math, is:
Direct Preference Optimization (DPO) e Lo o ey B i

» Direct preference optimization (DPO)
simplifies RLHF to a classification loss =

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
: vgll::iz;?yp:fej:]z:"bom label rewards vtv!:Ietch:tcofypoofej:;POUt
/‘\ .
- :Y > :w » reward model LM policy — | | = > final LM
N S
preference data maximum sample completions preferencedata ..
likelihood reinforcement learning likelihood

Figure 1: DPO optimizes for human preferences while avoiding reinforcement learning. Existing methods
for fine-tuning language models with human feedback first fit a reward model to a dataset of prompts and
human preferences over pairs of responses, and then use RL to find a policy that maximizes the learned reward.
In contrast, DPO directly optimizes for the policy best satisfying the preferences with a simple classification
objective, fitting an implicit reward model whose corresponding optimal policy can be extracted in closed form.

Rafailov, Sharma, Mitchell et al. 2023



Direct Preference Optimization (DPO): directly optimizes policy based
on human preference data using a clever loss function.

Recall our objective in RLHF:

w5 (yl) = maxEenp [Bynry(yj) o (2, y) — BDrw (o (y|7) |1 mer(y|2))]



Direct Preference Optimization (DPO): directly optimizes policy based
on human preference data using a clever loss function.

Recall our objective in RLHF:

w5 (yl) = maxEenp [Bynry(yj) o (2, y) — BDrw (o (y|7) |1 mer(y|2))]

There is a closed form solution to this:

1

o (y|a) = %wmf(m:v)e(

%Tﬂ (may))



Direct Preference Optimization (DPO): directly optimizes policy based
on human preference data using a clever loss function.

Recall our objective in RLHF:

w5 (yl) = maxEenp [Bynry(yj) o (2, y) — BDrw (o (y|7) |1 mer(y|2))]

There is a closed form solution to this:

1

mo (i) = mﬂref(ylm)e(ém(’”’y))

Rearrange the terms:

ro(z,y) = Blog (gjf%'f; ))) + Blog Z(z)

Reward model can be written in terms of policy!



Towards DPO

Direct Preference Optimization (DPO): directly optimizes policy based
on human preference data using a clever loss function.

Recall, how we fit the reward model in RLHF:

1

Lrm(re) = _@E(m,yw,yz)mﬂ) log (o (r¢ (T, Yw) — Te(,y1)))]

Reward model can be written in terms of policy model!

ro(z,y) = Blog (gjf%'f; ))) + Blog Z(z)




Towards DPO

Direct Preference Optimization (DPO): directly optimizes policy based
on human preference data using a clever loss function.

Recall, how we fit the reward model in RLHF:

1

Lrm(re) = _@E(m,yw,yz)mﬂ) log (o (r¢ (T, Yw) — Te(,y1)))]

Notice that we only need the difference between the rewards. Simplify
for rewards:



Towards DPO

Direct Preference Optimization (DPO): directly optimizes policy based
on human preference data using a clever loss function.

Recall, how we fit the reward model in RLHF:

1
LRM(T@‘)) = _@E(m,yw,yz)wﬂ) log (o ('rc;ﬁ(xayw) — T'c;b(-’L‘, Y1)))]

Notice that we only need the difference between the rewards. Simplify
for rewards:

ro (@, yu) — ro(z,y1) = B [bg (M) _log (Mﬂ

Wrcf(ywlm) WrCf(yllm)

The final DPO loss function is:

_ - 76 (Y| ) ) B ( 7 (Y1|T) )] }
E(e,yu,y)~D log{ [’8 log (wref(ywkc) flog Tret(Y1]Z)

—~

We have a classification loss function that connects preference data to LM parameters directly!

67



Summary of LLM Alignment: RLHF and DPO

< >

>| Reward \ i N\
| Model
[ Implicit |
| Reward

Policy

Direct Optimization
RLHF (PPO) » (DPO/IPO/SimPO)
Two-stage process. Single-stage.

Unstable & Complex. Simple & Stable.



Preference data:

‘ Prompt: )

( Responses: )
( Preference: )

DPO vs. PPO

PP

Preference

Data Preference
Data

Generations/tompletions

Prompts —

'Prompt onlyl




Preference Tuning Optimization Algorithm

Proximal Policy Optimization (PPO;
Schulman et al., 2017) first trains a reward
model and then uses RL to optimize the
policy to maximize those rewards.

II}SJX EJ;N'D’yNﬂ'Q(?Ax) ['rcﬁ(xay)] - ,BDKL [7{'9 (y | $) || Wref(y | 27)]

Direct Preference Optimization (DPO;
Rafailov et al., 2024) directly optimizes the
Lopo(5; Tret) = —E(z g y)nD [loga (mog To(Wu |2) _ g, Tolw] 2) )] , policy on the preference dataset; no
Tret (Yo | ) mret(y | @) explicit reward model.

SimPO (Meng et al., 2024) does not use a
reference model.

Lsimpo(76) = —E(z,y,, ,y1)~D [lOgU (|y’%| log mp (yuw|x) — |?;Ll| log o (yi|z) — 7)]
Length-normalized DPO normalizes
log-likelihoods of preferred and rejected

responses by their lengths.

A2



Two different Post-Training Preference Alignment
(Preference Optimization: PO) Strategies:

*To incorporate human preferences:

* RL algorithms (PPO, GRPO, REINFORCE) explicitly
maximize expected reward from a reward model — we
normally call this group RLHF

* Direct alignment methods (DPO, IPO, KTO) optimize
preference objectives without explicit reward modeling

* Though they can be shown to implicitly optimize an equivalent
objective under certain assumptions



Preference Tuning Optimization Algorithm

PPO consistently outperforms
DPO/ bUt at the cost Of: Unpacking DPO and PPO: Disentangling

Best Practices for Learning from Preference Feedback

e Implementation complexity

o M emo ry usa g e ’ an d Hamish Ivison*#®  Yizhong Wang®*#®  Jiacheng Liu*#
Zeqiu Wu®  Valentina Pyatkin®*® Nathan Lambert®
PS T h r O u g h p ut Noah A. Smith**  Yejin Choi** Hannaneh Hajishirzi®**

* Allen Institute for A *University of Washington
hamishiv@cs.washington.edu

Normally can get ~1% improvement
from switching from DPO to PPO

Credit: ¥+ A2



Average
Performance

Credit:4+ A2
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What components matter for LMs?

o Pb'iboe":'_ PPOW.
DPO g8 mixed
J reward rormots
DPO w. PPO model P P
DPO better
W pref. data
weak

pref. data

Initial SFT



Advanced DPO:
An Example: MC-PO

Preference Optimization via Contrastive
Divergence: Your Policy is Secretly an NLL
Estimator

AAAI 2026
Oral Talk



Question: How Should We Choose Dispreferred
Completions?

Previous (e.g.): The "Max Margin" Heuristic

Rank-1 (V%) Yw (Winner)
Rank-2 %}

P

________________________



Question: How Should We Choose Dispreferred
Completions?

Existing studies on PO have
centered on constructing

Rank 1 (B2 o (imen p.reference c.:Ia’fa following
simple heuristics.
Rank-2 %}

Previous (e.g.): The "Max Margin" Heuristic

I,'?f”."fﬂ%% __________ | * Random Sampling
 Renkt (G0 31 (Losen) + Max Margin Selection
|  Lack of theoretical
(w,ywayl)

justification



Preference Optimization (from RLHF objective)

7o (yz) = %M(mm)e(;w,y))



NLL

e Negative log-likelihood (NLL) estimation
o NLL estimation approximates a distribution with a parametric model using
sampled observations.

pe(y|x) := 1%(5;), where Zg(x) = /ﬁg(y"|x)dy'

o The challenge is to compute the normalization constant



Connecting PO with NLL

e Negative log-likelihood (NLL) estimation
o NLL estimation approximates a distribution with a parametric model using
sampled observations.

pe(y|x) := ﬁ;f(;ﬂ:;)’ where Zg(x) = / pe(y'|x)dy’

o The challenge is to compute the normalization constant

Vs. RLHF PO Solution:

1

o (y|z) = mmef(m:v)e(

%Tﬂ (az,y))



Connecting PO with NLL

e Negative log-likelihood (NLL) estimation
o NLL estimation approximates a distribution with a parametric model using
sampled observations.

pe(y|x) := ‘%, where Zg(x) = /ﬁg(y’|x)dy'

o The challenge is to compute the normalization constant

1

2 Preference Optimization as NLL estimation | (y|z) = mmef(ylm)e(é”(:"y))

PO NLL Estimator 1
po(ylx) := m#(ym exp (rg(x,y))

Zo(x) = f u(y'|x) exp (ro(x,y"))dy’



Background: Two families of Strategies for the NLL
Estimation Challenge: The Partition Function (Z)

Philosophy: Approximate the integral Z directly. Philosophy: Avoid the integral. Turn generation
into classification.

e ML-IS: Importance Sampling * NCE: Noise-Contrastive Estimation

 Contrastive Divergence (CD): MCMC Sampling * RNCE: Ranking NCE
e CNCE: Conditional NCE

On the connection between Noise-Contrastive Estimation and Contrastive Divergence,

(2024) Amanda O, et al.
Theoretical Unification:
 NCE, RNCE (Ranking NCE) are Special Case of CD (Contrastive

Divergence)
 through the lens of special Markov Chain (MC) transition kernels.



Connection:
DPO is PO NLL Estimation with Weak Sampling of Z

NLL Estimation with 1 Noise Sample | The DPO Loss Function
1 Simplifies to...
LSample == —,37‘9(33, yO) + log Z exp(,Brg(:v, yt)) _log G(IBTO (CL', yO) il IBT@(.’B, yl))
=0

DPO estimates normalization Z(x) with
* Ranking Noise Contrastive Estimation (RNCE) via
*  M=1 Noisy Sample (aka, the dispreferred response)

Dispreferred completions in Preference Optimization
are actually importance samples used to estimate the
normalization constant.



Bridging the Gap: from Weak Sampling to CD based
=>

Markov Chain Preference Optimization
(MC-PO):
Preference Optimization via Contrastive Divergence

Compute Weights

Input (MC Kernel) Sample Output
Prompt z, i exp(Bro(z, yi)) Select negative A “Hard
Preferred —_ 22 exp(Bro(z, y;)) jiip- g;tféom _the; - Negative” that
Answer vy, : e confuses the

: Weights are distribution
Candidate Pool : . current model
{1} proportional to the defined by w;. '

i model’s current belief.

We run the MCMC chain for a single step to balance accuracy with
training efficiency



MC-PO:

VoL (8,x,y) = —Vgre(x,y) +[Epe(}'“lx} [Vora(x, y’)]]

[ We will compute this term ]

e Contrastive divergence applies an MC kernel to compute the gradient term of normalization
Epo(y'1x) [Vore(x,¥')] = Exy(y/ix,y0) [Vora(x,y')]

e MC kernel: Designed for Sampling in proportion to the implicit reward (via current policy)

M
Eko(y'Ixyo) [Voro(x,¥')] = Volog ) _exp (ro(x,y:))
i=0

e Proofin the paper: Hard negatives lead to more effective gradient updates

VoLYP(0,x,y0) = —o(re(x,y1) — 76(X,¥0)) Vo (re(x,¥0) — 7o (X, ¥1))



Main Comparison Results

Model Mistral-7B-SFT Llama-3.1-8B-SFT Llama-3.1-8B-Instruct

Train dataset Nectar Nectar Ultrafeedback (prompt only)
Evaluation Alpaca Arena Alpaca Arena Alpaca Arena

DPO 25.07(+6.81) 42.01(x11.88) | 33.74(£2.51) 60.25(+2.12) | 64.22(£1.01) 75.88(%0.79)
RPO 15.31(+£0.62)  39.18(+0.49) | 32.50(£0.75) 59.20(+0.82) | 51.27(+0.50) 64.74(+0.12)
EXO 21.77(+£4.09)  30.63(£3.55) | 26.48(+3.31) 52.89(+5.03) | 64.75(£1.72) 74.93(+0.81)
SimPO 18.62(+2.64) 48.26(£3.90) | 33.71(+1.41) 60.69(=1.01) | 54.28(+1.48) 73.36(+1.38)
CPO 24.27(£0.39)  49.66(£0.34) | 29.10(£1.01) 55.25(%0.60) | 65.28(+0.54) 77.92(+1.78)
BCO 23.04(+£0.19) 46.68(+1.62) | 24.96(+1.28) 58.16(£1.76) | 61.17(£1.27) 73.45(+0.54)
KTO 22.98(+0.23) 45.77(£1.85) | 24.50(%£1.35) 53.40(%0.75) | 60.35(£0.67) 71.19(%0.49)
APO 15.79(£0.78)  35.94(+0.26) | 21.13(+£0.40) 53.25(+0.82) | 57.54(£0.97) 70.70(+£0.25)
SPPO 12.68(+0.27)  30.87(£0.67) | 20.26(+0.34) 53.52(0.56) | 56.39(%0.58) 71.73(40.62)
NCA 17.30(+£0.37)  39.88(+0.80) | 20.46(+0.36) 53.36(£1.25) | 58.04(+0.42) 72.40(+0.23)
MC-PO 30.86(£0.91) 52.75(£2.00) | 35.84(+0.31) 63.77(+£0.81) | 66.90(+0.74) 76.71(£0.24)

* MC-PO outperforms baselines in 5 out of 6 experimental settings.
* MC-PO leads to better performance with more diverse response
candidates



We frame the alighment
problems as an NLL
estimation and connect
DPO to sampling-based
solutions.

Conclusion

We propose MC-PO that
offers a principled way
to sample noisy sample
(dispreferred responses)

At next step, we aim to
showcase the benefits
of utilizing a multi-step
MCMC based PO
solution



Now: Post Training into Three Steps

(X, Y_w,Y_I)
Preference Data
Alignment Phase

- Supervised-instruction RLHF with
[ Fretraning I [ finetuning l I PPO or DPO
(X, Y)

Next token predict
(X1, X(T-1)) =>X_T

Post-training Phase

Build a Large Language Model (From Scratch) / Book by Sebastian Raschka



Step 3: Reinforcement learning w. verifiable

rewards

December 6, 2024

OpenAl's Reinforcement
Fine-Tuning
Research Program

We’re expanding our Reinforcement Fine-Tuning Research Program to
enable developers and machine learning engineers to create expert models

fine-tuned to excel at specific sets of complex, domain-specific tasks.

& deepseek

2.2.2. Reward Modeling

The reward is the source of the training signal, which decides the optimization direction of RL.
To train DeepSeek-R1-Zero, we adopt a rule-based reward system that mainly consists of two
types of rewards:

® Accuracy rewards: The accuracy reward model evaluates whether the response is correct.
For example, in the case of math problems with deterministic results, the model is required
to provide the final answer in a specified format (e.g., within a box), enabling reliable
rule-based verification of correctness. Similarly, for LeetCode problems, a compiler can be
used to generate feedback based on predefined test cases.

* Format rewards: In addition to the accuracy reward model, we employ a format reward
model that enforces the model to put its thinking process between ‘<think>’ and “</think>’
tags.

88
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Why? Neural Reward Model...

You can
shovel the
snow with ....

—_—

Score: 10.5



HUMAN FEEDBACK IS NOT GOLD STANDARD

Tom Hosking Phil Blunsom Max Bartolo
University of Edinburgh Cohere Cohere, UCL
tom.hosking@ed.ac.uk phil@cohere.com max@cohere.com

Why? Neural Reward Model...

You can
shovelthe —

) Score: 10.5
snow with ....

A Long Way to Go: Investigating Length Correlations in RLHF

Prasann Singhal Tanya Goyal

The University of Texas at Austin Princeton University
prasanns@Qcs.utexas.edu tanyagoyal@princeton.edu
Jiacheng Xu Greg Durrett

Salesforce Al The University of Texas at Austin
jiacheng.xu@salesforce.com gdurrett@cs.utexas.edu

A2



Simplifyingthe reward model: rule-based rewarc

What is
2+27 4.

o

if answer == gold label:
return 1

else:
return O

Score: 1

Can we just remove this complex setup and use simpler ‘models’..?



Ld
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RL with verifiable rewards

i Verification function
Math training set

[ 1 if correct
r =

Coding training set o otherwise J

l Reward
State Action
Prompt: E—

LM Policy: '71:9

Problems (e.g., math) have

ground truth answers, but
no good thinking process.

Response:
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RL with verifiable rewards

i Verification function
Math training set

[ 1 if correct
r =

Coding training set o otherwise J

l Reward
State Action
Prompt: E—

LM Policy: '71:9

Problems (e.g., math) have

ground truth answers, but
no good thinking process.

Response:




RL with verifiable rewards

Any supervised training?

® w.ground truth answers
® w.o. thinking process

Prompt: —_—>

Verification function

— [1 if correct <
0 otherwise
¢ Reward
State O @ Action
o9 —
%o

LM Policy: '77:9

Response:




Step 3: Reinforcement learning w. verifiable rewards

e [] Gold final answers or verifiable constraints.
o X intermediate chain of thoughts or not matching model.

® Classical RL! (We used PPO for optimization)

Verifiable Reward

r= {(Ox ft;(::viicste : Prompt Dataset Count Verification
P GSMSK Train 7,473 Exact match against extracted answer
lri RS‘(‘,‘VS Fd MATH Train 7,500 Exact match against extracted answer
3 IF verifiable 14,973  Prompt-specific verifiers
5 Policy - Total 29,946
1 Completions ged :
Prompts < 011 = 0, + aVJ (mp) .
g Policy Update Tu Iu3 .

A2

-



A2

Tulu3: RLVR is not really new!

Doing RL against binary / sparse signals is not that new.

90

84.6%

85T

(o)
o
T

MATH Performance (%)
S o1

67.3%

65|

o0 Tulu 3 405B Tulu 3 + Qwen Math + GRPO 8B
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