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GPT models (after GPT-3)

@OpenAI

e Supervised fine-tuning on human
conversations

InstructGPT and GPT-3.5 [2022]

e Align responses to human feedback
* |nstruction fine-tuning

e Reinforcement learning from human feedback

e Data where human will pretend to
be user or Al assistant

* Used in initial ChatGPT e Human rank generated output
 Use reinforcement learning to
GPT-4 [March 2023] improve generation

e Multimodal with images and text (GPT-4V)
e |arger, better model


https://arxiv.org/pdf/2203.02155.pdf
https://arxiv.org/pdf/2303.08774.pdf

Stage

Dataset

Algorithm

Model

Notes

GPT Assistant training pipeline

Pretraining Supervised Finetuning Reward Modeling
: : S - @
Raw Internet Demonstrations o Comparisons A

100K —1M comparisons
written by contractors
low quantity, high quality

Binary classification
predict rewards consistent w
preferences

Ideal Assistant responses,
~10-100K (prompt, response)
written by contractors

low quantity, high quality

text trillions of words
low-quality, large quantity

Language modeling
predict the next token

Language modeling
predict the next token

© O “ O O
from from

Base model SFT model RM model

1000s of GPUs 1-100 GPUs 1-100 GPUs

days of training days of training
ex: Vicuna-13B

can deploy this model

months of training
ex: GPT, LLaMA, PaLM

can deploy this model

Reinforcement Learning

Prompts @
~10K-100K prompts »
written by contractors

low quantity, high quality

Reinforcement Learning
generate tokens that maximize
the reward

init from SFT
use RM

RL model

1-100 GPUs

days of training

ex: ChatGPT, Claude
can deploy this model




Step 1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our
prompt dataset.

Explain the moon
landing to a 6 year old

|
\J

A labeler
demonstrates the @
desired output
behavi é
enhavior. Some people went
to the moon...
|
Y
This data is used T
to fine-tune GPT-3 958,
with supervised \}SX./
learning. Y,
=B

https://openai.com/research/instruction-following

Step 2

Collect comparison data,
and train a reward model.

A prompt and ‘
several model

outputs are

Explain the moon
landing to a 6 year old

sampled.
(A (B
Explain gravity... Explain war...
6 O
il I
q }( J
A labeler ranks
the outputs from @
best to worst.
0-0-0:-0
I
Y
This data is used .
to train our ./‘)?.5{\.
reward model. \}Sé{/
0-0-0:-0

tep S

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

»

Write a story
about frogs




Use human feedback to get better model

* Collect human preferences of generated output

* Build model of human preference (e.g. “reward model”)

* |ntegrate into model - how to update loss to incorporate reward model?
* Reinforcement learning (RLHF)
* Direct preference optimization (DPO)

 Odds ratio preference optimization (ORPQO)



Why RLHF?



Issues with MLE training

 |Language model may generate undesirable output due to

 Not all tokens are equal: mistaken predications worse than others
* Please send this package to Pittsburgh

» Please send|apackage to Pittsburgh
* Please send this package to mg?l?yo!

« ****inglsend this package to Pittsburgh

* Training data may contain undesirable outputs (e.g. toxic comments in
reddit, disinformation, poor generated data)

* EXxposure bias - model not exposed to mistakes during training, and cannot
deal with them at test time



Win rate against SFT 175B

PPO-ptx: Combines PPO objective
with pretraining LM objective ‘

(next tokw'

o //

™ |

SPT: Instruction tuning
with human data """

0.4
0.2

I : : : : I SEm— : : . : E— I :

1.3B 6B 175B

Model size

Model
-0— PPO-ptx

PPO
SFT
GPT (prompted)
GPT



Dataset

RealToxicity

GPT

Supervised Fine-Tuning

InstructGPT

API| Dataset
Hallucinations

GPT

Supervised Fine-Tuning
I

InstructGPT

0.233

0.199

0.196

0.414

0.078

0.172

Dataset

TruthfulQA

GPT 0.224
Supervised Fine-Tuning 0.206
]

InstructGPT 0.413

APl Dataset
Customer Assistant Appropriate

GPT 0.811
Supervised Fine-Tuning 0.880
InstructGPT 0.902

Evaluating InstructGPT for toxicity, truthfulness, and appropriateness. Lower scores are
better for toxicity and hallucinations, and higher scores are better for TruthfulQA and

appropriateness. Hallucinations and appropriateness are measured on our AP| prompt
distribution. Results are combined across model sizes.

https://openai.com/research/instruction-following



Why RLHF?

* |t is often easier to discriminate than generate
o Simple example: It is much easier to spot a bad haiku than generate one

* Writing a haiku or writing a summary or writing a story from scratch is a
difficult task for humans.

» Humans are better at picking a good example by comparing to other
examples.



InstructGPT

Training recipe

Aligning to human preferences

Ranking data Reinforcement

learning from
human feedback
(RLHF)

Human Insjcructlon Sﬁmple i
annotations . tunlng data = iblnein ; model

Prompt + responses annotate Y

Base initialize Tuned | initialize A“gned
pase s AL

PPO

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948



https://arxiv.org/pdf/2501.12948

InstructGPT

Training recipe Aligning to human preferences

Ranking data Reinforcement

learning from
human feedback
(RLHF)

Sample
+ human
annotate

Reward
model

Reward model

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948



https://arxiv.org/pdf/2501.12948

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our
prompt dataset.

Explain the moon
landing to a 6 year old

|
\

A labeler
demonstrates the @
desired output
behavi £
enhavior. Some people went
to the moon...
|
Y
This data is used T
to fine-tune GPT-3 958,
with supervised \}SX./
learning. Y,
D2 E

https://openai.com/research/instruction-following

Step 2

Collect comparison data,
and train a reward model.

A prompt and .
several model

Explain the moon
landing to a 6 year old

A B

Explain gravity... Explain war...

C D

Moon is natural People went to
satellite of... the moon...

outputs are
sampled.

. J

A labeler ranks

the outputs from @
best to worst.

0-0-0:-0
This data is used

to train our
reward model.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

»

Write a story
about frogs




Reward modeling for RLHF



Reward modeling

* Collect dataset of human judgement

 Automatically predict how good an output is based on the collected human
preference data

* Use reinforcement learning to train model

Explain the moon
landing to a 6 year old

Rank Train

https://github.com/openai/following-instructions-human-feedback



Reward model dataset

» Different ways to collect human preferences

* Directly ask for score (e.q. likert score) overall or for different aspects (e.qg.
fluency, adequacy, factuality, coherence, etc.)

 Ask annotators to compare model outputs and rank
 Use ELO or TrueSkill rankings to rank multiple systems

* Annotate individual errors (fine grained, but time-consuming)

https://github.com/openai/following-instructions-human-feedback



m Skip ) gade) 3 v Al ? Total time: 05:39

Summarize the following news article: summaryl

Rating (1 = worst, 7 = best)

{article}

I
I
I
I
—h
N
W
oY
($))
»
N

Inappropriate for customer assistant ? O Yes Q No
Contains sexual content O Yes Q No
Contains violent content O Yes O No
Encourages or fails to discourage
violence/abuse/terrorism/self-harm Q Yes Q e
Denigrates a protected class O Yes O No
Gives harmful advice ? Q Yes @ No
Expresses moral judgment Q Yes Q No
Notes

(Optional) notes

N




Ranking outputs

To be ranked

A team of researchers from
Yale University and University
of California, Davis studied the
vocalization patterns of several
different types of parrots. They
found that parrots like to mimic
human speech, and can produce
a wide range of sounds, such as
whistles, squawks, and other
types of vocalizations...

Parrots have been found to
have the ability to understand
numbers. Researchers have
found that parrots can
understand numbers up to six. In
a series of experiments, the
parrots were able to identify the
amount of food items under a
number of cups...

Rank 1 (best)

A research group in the
United States has found that
parrots can imitate human
speech with ease, and some of
them can even do so in the same
way as humans. This group
studied the sounds that parrots
make in their natural habitats
and found that they use their
tongues and beaks in ways that
are strikingly...

Rank 2

Rank 3

Scientists have found that
green-winged parrots can tell
the difference between two
noises that are the same except
for the order in which they are
heard. This is important because
green-winged parrots are known
to imitate sounds. This research
shows that they are able to
understand the difference
between sounds.

Current research suggests
that parrots see and hear things
in a different way than humans
do. While humans see a rainbow
of colors, parrots only see shades
of red and green. Parrots can
also see ultraviolet light, which
1s 1nvisible to humans. Many
birds have this ability to see
ultraviolet light, an ability

Rank 4

Rank 5 (worst)



Blue are the prompt tokens, identical across rows 12
Yellow are completion tokens, different in each row

Green is the special <|reward|> token “readout” 0.2 T
Only the outputs at the green cells is used, the rest are ignored *

-0.5

loss function
measures the
predicted
rewards'’
consistency
with the labeled
ordering

completion .. <|reward|>
1

completion .. <|reward|>
2

completion .. <|reward|>
3




Reward Model Training

Let @ be the parameters for the <reward> token which is appended at the end of each completion

Data: Prompt | Completion | <reward>

K is the number of responses ranked by humans (K={4,9}). D is the dataset of human comparisons

K

This produces (2

) comparisons for each prompt Difference in reward between two outputs
(Log-odds that y,, is preferred to y))

Loss function: loss(0) = (K E(x,yw,yl)ND[log(G(rQ(xa yw) — T 6’(~x9 yl)))]
y

ro(x, y) is the scalar reward for prompt x and completion y. y. is preferred to y,

K
Train all (2) comparisons in a single batch.

Training the 175B model does not work, instead fine-tune a smaller 6B model to predict reward.



Bradley-Terry ranking

 The BT model is a probability model for the outcome of pairwise comparisons.

 Given a pair of individual responses i and J

» The probability of preferring 1 > j is given by
1%
Pi T D;

* The Bradley-Terry model can be used in the forward direction to predict
outcomes,

P(i>j) =

» But is more commonly used in reverse to infer the scores p; given an observed
set of outcomes (preferences from humans)

* More general models exist: e.g. Plackett-Luce models (but not used for RLHF)



Bradley-Terry ranking

 Binary classification problem: given prompt x and responses y,, and y;,
predict the probability that y, , is preferred to y,

» Let p,, and p, be scores givento y,, and y;,

Py 1
Pw +pl | —+ 5—1 Py Xp(re(x, yw))
_ 1 p; = exp(ry(x, y;))
I+ €Xp(l/'(9(x, YZ) - VQ(X, yw)))
1

T T Pl () — ) O ) T )



Optimizing using reward model



InstructGPT

Training recipe Aligning to human preferences
Reinforcement
learning from

human feedback
(RLHF)

—~
Reward

model

initialize Al Ig ned
R

DeepSeek-R1 [DeepSeek 2025] - https://arxiv.org/pdf/2501.12948



https://arxiv.org/pdf/2501.12948

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our
prompt dataset.

Explain the moon
landing to a 6 year old

|
\

A labeler
demonstrates the @
desired output
behavi £
enhavior. Some people went
to the moon...
|
Y
This data is used T
to fine-tune GPT-3 958,
with supervised \}SX./
learning. Y,
D2 E

https://openai.com/research/instruction-following

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain gravity...

Moon is natural

.

Explain the moon
landing to a 6 year old

A B

Explain war...

C D

satellite of... the moon...

People went to

J

;
e}

0-0-0-0

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy

ing PPO.

»

Write a story
about frogs




Blue are the prompt tokens, identical across rows
Yellow are completion tokens by the model (initialized with SFT model)

Green is the special <|reward|> token “readout”, RM now predicts these 0.2
Only the yellow cells are trained on, the rest are ignored. .

The sampled tokens become labels, but the training objective is
weighted by the "advantage” (normalized rewards)

In this example:
Row #1 tokens were great. These get their probabilities boosted.
Row #2 tokens were bad. These get their probabilities decreased.
Row #3 tokens were ~ok. These get their probabilities slightly boosted.

completion .. <|reward|>
1

completion .. <|reward|>
2

completion .. <|reward|>
3




Initialize RL policy with SFT
Keep RL policy from drifting too far

objective(¢) = E($79>NDng ro(z,y) — ﬁlog(wgl’(y L 2) /Y (y | 2)

 Let ¢ be the parameters for the language model.

 Parameters for the <reward> token are kept frozen.

" ﬂgL IS the learned RL policy

JZ'SF I Is the learned supervised fine-tuning model

 [jis the KL reward coefficient

* Training for chatGPT (probably) uses an actor-critic algorithm similar to
proximal policy optimization (PPO) for training the ¢ parameters




Reinforcement learning

Determine policy to maximize expected accumulated reward.

Typically modelled as POMDP (sequence of states with partial observations)

* Actions: What token to output?

* Policy: What action(s) to take given sequence of observations and actions?
* Policy models the probability of action given state

* For text generation, what sequence of tokens to generate given input
tokens: 7(a, s) = P(y | x)

 Reward: Provided by reward model trained on human preferences



ACtor-Critic RL https://arxiv.org/pdf/1607.07086v2.pdf

o Standard methods to apply RL in LMs involve producing the expected reward of
generating a token and generating a per-token loss for each position

 The REINFORCE algorithm is the standard way to do this for language models

 However, REINFORCE only uses a single sample token to compare against

(compare y,, with y; where p, > p,)

e |nstead the actor-critic approach uses two models:
* one is the critic and one is the actor (both initialized with LM)

* [he critic model is trained against the reward model to produce <|reward| > at
the end

* [he actor model is trained against the critic and produces <|endoftext|> at
the end and is trained against the critic output for each time step


https://arxiv.org/pdf/1607.07086v2.pdf

RLHF with general policy gradient method

o Initialize the policy 72'!?" to ﬂ'SFT

, the policy output from SFT
* Loop for many steps

. Initialize a new empty dataset D%BL

* Loop for many steps

« Sample a random prompt x from Dy

« Generate a response y from the policy 775 s

» Calculate the reward signal ry(x, y) from r,

. Add the triple (xa Y rH(xa y)) to D”qBL objective(¢) = E, yop o |To(z,y) — B log(

* Use policy gradient method to increase objective:




RLHF with PPO

Algorithm 1 PPO

1: Input: initial policy parameters 6, initial value function parameters ¢y.

2: forn=0,1,2,...do

3:  Collect a set of trajectories D,, = {7; } by executing policy 7(6,,) within the environment.

4:  Compute rewards-to-go R,.

5. Compute advantage estimates, A, (using any advantage estimation method) based on the

current value function V, .
6: Update the policy by maximizing the PPO-penalty/clip/ptx objective:

Hn-l-l — arg mg'x £pp0—clip(0n)-

7:  Update the value function by regression on mean-squared error:

¢n+l — arg mq’SLn ACcritic(qbn)-

8: end for

https://arxiv.org/pdf/2307.04964

3



https://arxiv.org/pdf/1607.07086v2.pdf

Instruct-GPT objective
* Full model (PPO-ptx)

 Combines PPO and pretraining objectives using RL training

objective(6) = Es . [ro(a.y) = Blog(nf(y | 2)/n*(y | 2))

_|_ W/EZENDpretrain :1()g(7T§L (aj)):



https://arxiv.org/pdf/1607.07086v2.pdf

Direct preference optimization



Use human feedback to get better model

* |s it necessary to train using RL?

» Can directly optimize on preferences using supervised training with
preference data.



https.//arxiv.org/pdf/2305.18290.pdf

Direct preference optimization

aka, Your Language Model is Secretly a Reward Model

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
ey (abel rewards IR
: /7~ O\ -
% > —> reward model LM policy «@ > — final LM
_
preference data maximum sample completions preference data . .
likelihood reinforcement learning likelihood

You can use maximum likelihood estimation to directly train for preference optimization

. To(Yw | ) mo (Y1 | T) )]
L 705 Tref) = —E(z,y,,y)~D |l0g0 | Olo lo

Vo Lppo(Te; Tret) =

— :B ﬂ(m,yw,yl)wD U(f‘O(mayl) - 7,29(11:7 yw)) VH lOgﬂ'(yw ‘ iL’) o V9 logﬂ.(yl | CE)
~— ——  N—————— —_———— |

] higher weight when reward estimate 1s wrong  increase likelihood of y,,  decrease likelihood of y;



https://arxiv.org/pdf/2305.18290.pdf

https://arxiv.org/pdf/2305.18290.pdf

Direct preference optimization

aka, Your Language Model is Secretly a Reward Model

Optimal policy is given by  m.(y | z) = (1 )'”ref(y | z) exp (%T(w,y))

Z(x
Rewrite to get r(z,y) = Blog (Y | 2) + Blog Z(z).
Tret(Y | )
BT model |
exp (r*(z,y1)) p(yr = y2 | ) =

1+ exp (5 log m* (y2|z) Blog "*(yll"’))

Wrcf(y2|$) Wrcf(yl |CB)

p*(y1 ~ Y2 I :l:) — exp (T*(.’B,yl)) + exp (r*(x,yz))

Maximum likelihood estimate

' To(Yw | T) mo(y1 | ) )
Lopo(Te: Tret) = —E, p |logao | Blo —plo
DPO( 0 ref) (Z:Yw,y1)~D i 5 (ﬁ 5 7Tref(yw ‘ CE) g 5 '/Tref(yl ‘ ZE) :



https://arxiv.org/pdf/2305.18290.pdf

https://arxiv.org/pdf/2305.18290.pdf

Direct preference optimization

aka, Your Language Model is Secretly a Reward Model

IMDb Sentiment Generation TL;DR Summarization Win Rate vs Reference

1.0 4
) 0.7 - DPO  ~+— Preferred-FT  ~4— GPT-)
o o . ’ oo * %, o® w—te PPQ e SFT it Best of 128
0.9 a .‘; e
a ..C&’ 06 $
oo ® )
0.8 ’. ® o
o ® ..... 05 prmccccac= a1 o5 Hhgy, U 55 5 65 55 55 55 5 55 55 5 45 &5 65 4B 65 &5 e e U i S K -
E ‘O..o e “ .o ¢ g
T 0.7+ o bl ©
; . @ *e — 0.4 :——+' | J
m = \ . .‘ I ..: - et ‘
m . P ’ ) ® ® i ° o . e ® —_ ) |
0.6 ‘s °* o o . ~ o < 03
® Lo
054 _ o "" 0.2
: DPO (Qurs) e PPO-GT (Qur impl.)
» Unlikelihood » PPO-GT (TRL) 0.1+ i
0.4 ¢ PPO (Our impl.) ¢ Preferred-FT I }/E T
00 25 50 75 100 125 150 175  20.0 =y Py . o ——

KL(rtg || Trer) Sampling temperature

Figure 2: Left. The frontier of expected reward vs KL to the reference policy. DPO provides the highest expected
reward for all KL values, demonstrating the quality of the optimization. Right. TL;DR summarization win
rates vs. human-written summaries, using GPT-4 as evaluator. DPO exceeds PPO’s best-case performance on
summarization, while being more robust to changes in the sampling temperature.


https://arxiv.org/pdf/2305.18290.pdf

https://arxiv.org/abs/2403.07691
ORPO Preference Optimization without a Reference

Chosen Responses St,

E = : i 5 Pong
' SFr ': b .: ' - Ad
2 = T E \__y/—\ won
: ] | | oddsyP(y,|x)
: Reward Model J oddsyP(yi|x)
: ii _ _ ) ié E Rejected Responses P d\o\ﬂ
| . ¥ : i ¥ Y wee
' Ref. Pollcy

\/\
Eliminate need for a separate supervised fine-tuning (SFT) step

t_\
t_\

Odds Ratio Preference Optimization

Combines normal cross-entropy loss with a odds-ratio loss

£ORPO — g(w,yw Y1) [£SFT + A EOR]



https://arxiv.org/abs/2403.07691

https://arxiv.org/abs/2403.07691

ORPO Preference Optimization without a Reference

Chosen Responses
Yw

>
@.}
Pre-trained —l
..... e — oM N
SFT Q} ,E,
> SFT °Ey
@.}
Reward Model ,E’ 27
by by =) 25
(o) eE- “Ref. .l “Policy
Ref. l Policy

ORy(Yw, Y1) =

oddsy (yy|x)

~

Rejected Responses

Yl
—

Odds Ratio Preference Optimization

9 Ad
oddsyP(yy|z)

~N

lo

S odds, P(y|z)

oddsy (y;|x)

Lorpo =

Lor = —logo (log

oddsy (v, | ) )
oddsy (y;|z)

(@ ywim) LSFT + A LOR]
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ORPO Preference Optimization without a Reference

12.5

10.0

N
(&)

Win Rate (%)

10.99| 11.33|| 12.2

ol
(=)

9.44 8.35

N
(3
=1

o
(=}

Llama (7B) Llama (13B) Llama-ORPO (7B) Zephyr-a Zephyr-b Mistral-ORPO-a Mistral-ORPO-b

Algorithm | | RLHF [] DPO | | ORPO

Figure 1: AlpacaEval, , result of Llama-2 (7B) and
Mistral (7B) fine-tuned with ORPO (blue) in comparison
to the state-of-the-art models. Notably, Mistral-ORPO-«
& (3 surpasses Zephyr 8 and Llama-2-Chat (13B) with a
single epoch training exclusively on the UltraFeedback.

Humanities

STEM

Extraction

Writing

Model
Llama-2-Chat (70B)
GPT-3.5-turbo
Claude V1
GPT-4
Mistral-ORPO-a (7B): 7.23
Mistral-ORPO-3 (7B): 7.32

Roleplay

Reasoning
0O 2 4,6 8 10

Math

Coding

https://tatsu-lab.github.io/alpaca_eval/ Automated (LLM-based) evaluator for instruction-tuned models


https://arxiv.org/abs/2403.07691

SimPO

* Length normalization

@ DPO 0 SimPO

100-

S
=

Percentage (%)

DO
o

<

Run time

Peak GPU mmemory

o Lighter weight (20% faster, 10% less memory)

* No reference policy

o Better performance

 Reward margin y

(,C (s o) h AlpacaEval 2 LC Win Rate (%) Arena-Hard Win Rate (%)
DPO\ /'@y Nyref ) =— 0
. ro(ye | 2) rol | 7) \ *0 "= pPO +h4 BN DPO 1.2
—TF loga(ﬂlog AL Blog — Yi ) Bl SimPO BN SimPO
i Wref(yw | CE) 7Tref(yl | :B) -
\_ / +6.4
- N 25
Lsimpo () =
Al 5 B
—|logo og'lro(yw | m) — |— 0871'0(9! | 93) = 0 : : : i
I |yw | |y1 | i Mistral Mistral Llama3 Llama3 Mistral Mistral Llama3 Llama3
\_ W, Base7B Instruct7B Base 8B Instruct8B Base7B Instruct7B Base8B Instruct 8B

SImPO: Simple Preference Optimization with a Reference-Free F
https://arxiv.org/pdf/2405.14734

leward [Meng et al. 2024]
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(a) Reward optimization. (b) SImPO. (¢) S1mPO without LN.

Figure 2: Effect of length normalization (LN). (a) Relationship between reward margin and length
difference between winning and losing responses. (b) Spearman correlation between average log
probability and response length for SImPO. (¢) Spearman correlation for SImPO without LN.

SIMPQO: Simple Preference Optimization with a Reference-Free Reward [Meng et al. 2024]
https://arxiv.org/pdf/2405.14734



https://princeton-cos597r.github.io/lectures/lec08.pdf

Offline preference optimization

Preference data: (prompt, winning response, losing response) (x,y,,Yy;) ~ D

There are many objectives that you can design for directly learning from preference datal!

WR: winning rate, LC: length-controlled WR

Method Objective

RRHF [84]  max (o, — L log mo(yw|2) + 1 log 7r9(y1|:1:)) _ Alog 7o (yu|)

LLama-3-instruct (8B)

Method

SLiC-HF [88] max (0,6 — log g (y|z) + log me(y;|x)) — Alog 7y (yu | ) AlpacaEval 2 Arena-Hard
7"0( w|T ol lY1|x
DPO[62]  —logo (ﬂ log 725 — Blog mcf((z,,lm))) LC (%) WR (%) WR (%)

IPO [6] (1og Teluele) _ jog Talulz) _ 1" SFT 260 253 22.3
CPO [81] —log o (Blog mo(yw|z) — Blog me(yi|z)) — Alog 7o (yw|x) RRHF [84] 379 310 28.8
— B B SLiC-HF [88] 339  32.5 29.3
KTO [25] —Aw0 (B log 7 (yulz) ~ Zref) + Ao gzm — Plog w,c«y,m) ’ DPO [62] 48.2 47.5 35.2
where zret = E(a,y)~p [BKL (79 (y|2)| et (y|7))] IPO [6] 468 424 36.6
ORPO [38] —1lo wlz) — Xlo log —P¢ (Ywlz) lo fo(ylkv) : CPO [81] 341 364 309
N gal( 8 linger ~ 108 ) KTO [25) 341 321 27.3
where py(y|z) = exp (13 log o (y]a) ) ORPO [38] LT 28.2
R-DPO [60] —logo (5 log :,ff(é: |:§,-)) — plog ;zf((zf, ;)) — (a|yw| — alyi |)) saliatd el = s =
SimPO 537 475 36.5

SIMPO: Simple Preference Optimization with a Reference-Free Reward [Meng et al. 2024]

https://arxiv.org/pdf/2405.14734



Offline vs online preference optimization

 Many different ways to use preference data
* Online RLHF
 New preference data generation using reward model
» Critic: learning of value function with new preference data

» Actor: learning of policy learning with updated critic and new preference data

« Offline RLHF

 (Can be more efficient, but limited to labeled preference data



DPO vs PPO

* PPO - Online Actor-Critic model - new model generated response during training

 DPO - Offline model - only have access to human labeled preference data

DPO Training
- PPO Training - J-------=-=-=-------“-“-“ - - - - mm e mm === = -

Policy Training Data: D,

Frr \ @
-=T '( Policy Tramning Prompt: x } -~

Preference Data: Dy

S
™

C Prompt: x )
( Responses (offline): Yer Yy )
Ranking: y. > vy, | x

Unpacking DPO and PPO: Disentangling Best Practices for Learning from Preference Feedback [lvison et al. 2024]
https://arxiv.org/pdf/2406.09279



Performance training of TULU 2 13B
(Series of Llama 2 model fine-tuned across different sizes)
DPO vs PPO

(Covers factuality, reasoning, coding, truthfulness,
safety, instruction following)

Accuracy on GSM Performance over 11 benchmarks
70 '
PPO w.
Domgin— 701 PPO w.
65 PPO w. specific Bigger PPO w.
lg;gga% Prompts é’ DPO Reward PM,xcd
W Model Prompts
5, 60 DPO  Model = 651 ey PPO b
2 ! < DPO W. p ot 13
g PPO g Weak Pret. Data
o 55 DPO w. . ca
; Better E 60" Pref Dat
< Weak Pref. Data -
© 50 Pref. Data -
20
§ 551
45 <
50

Imtlal SFT --DPORuns-- ----- PPO Runs - - - - - Imtlal SFT --DPORuns-- ----- PPO Runs - - - - -

Unpacking DPO and PPO: Disentangling Best Practices for Learning from Preference Feedback [lvison et al. 2024]
https://arxiv.org/pdf/2406.09279



Problems with aligning to human preferences

 Mode Collapse
* Fine-tuned models lose entropy compared to original LLM (base model)
 RLHF models confidently output very few variations

 Base models can be better at tasks that require diverse outputs

https://www.lesswrong.com/posts/t9svwNPNmMFf5Qa3TA/mysteries-of-mode-collapse



SYSTEM
ASSISTANT Yes, bugs are real.

Q. Are bugs real?

A. ASSISTANT  Yes, bugs are real.

ASSISTANT Yes, bugs are real. They are a group of insects that have certain
characteristics, such as a hard exoskeleton, segmented bodies, and
jointed appendages. Bugs include insects like beetles, butterflies, ants,
and bees.

ASSISTANT Yes, bugs are real. They are a group of insects that have certain
characteristics, such as a hard exoskeleton, segmented bodies, and
jointed legs. They belong to the class Insecta and can be found in
various habitats all around the world.

ASSISTANT Yes, bugs are real. They belong to the classification of insects and
include various species such as beetles, butterflies, ants, flies, and many
more. Bugs are found in diverse environments and play important roles
in ecosystems as pollinators, decomposers, and prey for other animals.

ASSISTANT Yes, bugs are real. Bugs refer to a specific group of insects that have
certain characteristics like a tough exoskeleton, segmented bodies, and
specialized mouthparts. They play important roles in ecosystems as
pollinators, decomposers, and as a food source for other animals.



RLHF vs. Base LM

» |Labelers significantly prefer InstructGPT outputs over outputs from GPT-3

e |nstructGPT models show improvements in truthfulness over GPT-3 (on the
Truthful QA task)

* |InstructGPT shows small improvements in toxicity over GPT-3, but not bias
(on the RealToxicityPrompts dataset)

 Can minimize performance regressions on public NLP datasets by modifying
our RLHF fine-tuning procedure (by mixing in the pretrained distribution)


https://arxiv.org/pdf/2203.02155

RLHF vs. Base LM

« GPT3.5 models generalize to the preferences of “held-out” labelers that did
not produce any training data

 Public NLP datasets are not reflective of how language models are used

* |InstructGPT models show promising generalization to instructions outside of
the RLHF fine- tuning distribution

* |nstructGPT still makes simple mistakes


https://arxiv.org/pdf/2203.02155

