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Larger and larger models

THE EXPLOSIVE SCALING OF LLM TRAINING COMPUTE: A DECADE OF GROWTH. Superhunan codergy
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LLM Training Overview

Pre-Training: train on lots of natural data, sourced and curated from variety of sources,
primarily internet

Mid-Training: more targeted domains, lower volume data

Supervised Fine-Tuning / Instruction Tuning: small, curated, enable model to follow
human intent

Reinforcement Learning (from Human Feedback): align with implicit human intent
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What kinds of things does pretraining learn?

Stanford University is located in , California.

| put fork down on the table.
The woman walked across the street, checking for traffic over ___ shoulder.
| went to the ocean to see the fish, turtles, seals, and

Overall, the value | got from the two hours watching it was the sum total of the popcorn and
the drink. The movie was ___.

Iroh went into the kitchen to make some tea. Standing next to Iroh, Zuko pondered his
destiny. Zuko left the

| was thinking about the sequence that goes 1, 1, 2, 3, 5, 8§, 13, 21,




Language models as world models?

Language models may do rudimentary modeling of agents, beliefs, and actions:

Pat watches a demonstration of a bowling ball and a
leaf being dropped at the same time in a vacuum cham-
ber. Pat, who is a physicist, predicts that the bowling
ball and the leaf will fall at the same rate.

Changing the last sentence of the prompt, we get:

... Pat, who has never seen this demonstration before,
predicts that the bowling ball will fall to the ground first.

This is incorrect. In a vacuum chamber, there is no air

Language Models as Agent Models [Andreas, 2022]




Language models as world models?

...math:

We can describe circles in the zy-plane using equations in terms of z and .
Circle equations questions require us to understand the connection between
these equations and the features of circles.

For example, the equation (z + 2)? + (y — 3)? = 4% is graphed in the zy-plane
below. It is a circle with a center at (-2, 3) and a radius of 4. —

(e+2) +(y -

https://www.khanacademy.org/test-prep/sat/x0a8c2e5f:untitled-652




Language models as world models?

...code:

/ Determine whether the sentiment of
// Use a web service
async function isPositive(text: string): Promise<boolean> {
const response = await fetch( http://text-processing.com/api/sentiment/", {
method: "POST",
body: "text=${text}’,
headers: {
"Content-Type": "application/x-www-form-urlencoded",
}
});
const json = await response.json();
return json.label === "pos";

}

ithub.com/features/copilot




Language models as world models?

...medicine:

Rapid and chronic ethanol tolerance are composed of
distinct memory-like states in Drosophila

Abstract

Ethanol tolerance is the first type of behavioral plasticity and neural plasticity that is induced by
ethanol intake, and yet its molecular and circuit bases remain largely unexplored. Here, we
characterize three distinct forms of ethanol tolerance in male Drosophila: rapid, chronic, and
repeated. Rapid tolerance is composed of two short-lived memory-like states, one that is labile and
one that is consolidated. Chronic tolerance, induced by continuous exposure, lasts for two days,
induces ethanol preference, and hinders the development of rapid tolerance through the activity of

[Larnerd, 2023]
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Language models as multitask assistants?

How do we get from this

to this?

O
Examples

"Explain quantum computing in
simple terms"

"Got any creative ideas for a 10
year old's birthday?"

"How do | make an HTTP
request in Javascript?"

Stanford University is located in

ChatGPT

%

Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-
up corrections

Trained to decline inappropriate
requests

A

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021

14



The Art of Post-Training

1. Instruction finetuning
2. Optimizing for human preferences (DPO/RLHF)

3. Peeking into frontier post-training



The Art of Post-Training

1. Instruction finetuning



Language modeling # assisting users

PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION GPT-3
Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

Language models are not aligned with user intent | ].



Language modeling # assisting users

PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION Human

A giant rocket ship blasted off from Earth carrying
astronauts to the moon. The astronauts landed their
spaceship on the moon and walked around exploring the
lunar surface. Then they returned safely back to Earth,
bringing home moon rocks to show everyone.

Language models are not aligned with user intent |
Finetuning to the rescue!



The Pretraining / Finetuning Paradigm

Pretraining can improve NLP applications by serving as parameter initialization.

Step 1: Pretrain (on language modeling) Step 2: Finetune (on your task)
Lots of text; learn general things! Not many labels; adapt to the task!
goes to make tasty tea END @/@
. I R
Decoder Decoder
(Transformer, LSTM, ++) (Transformer, LSTM, ++)
R T S S 1 A A S

Iroh goes to make tasty tea ... the movie was ...



Scaling up finetuning

Pretraining can improve NLP applications by serving as parameter initialization.

Step 1: Pretrain (on language modeling)

Lots of text; learn general things!

goes to make tasty tea END
R

Decoder
(Transformer, LSTM, ++)

R T S T S

Iroh  goes to make tasty tea

Step 2: Finetune (on many tasks)
Net many labels; adapt to the tasks!

©/®
.

Decoder
(Transformer, LSTM, ++)

I T S S

... the movie was ...




Instruction finetuning

* Collect examples of (instruction, output) pairs across many tasks and finetune an LM

Please answer the following question.

What is the boiling point of Nitrogen?
T

-320.4F

/The cafeteria had 23 apples \?\
originally. They used 20 to
make lunch. So they had 23 -

20 = 3. They bought 6 more
Language \apples, sotheyhave3+6=9. ||}

model : < ) /}

~

* Evaluate on unseen tasks \{Geoﬁrey Hinton is a British-Canadian

p

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,
\how many apples do they have?

N

computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.

Q: Can Geoffrey Hinton have a
conversation with George Washington?

Give the rationale before answering.

[FLAN-T5;



pretraining?

Instruction #retartae-

* Asis usually the case, data + model
scale is key for this to work!

* For example, the Super-
Naturallnstructions dataset
contains over 1.6K tasks,
3M+ examples

* Classification, sequence tagging,
rewriting, translation, QA...

Text =
Completion S
* Q: how do we evaluate such a model? ..I

. [Wang et al.42022]

Toxic
Language
Detection

Categorization

m.
Verification

Word
Relation
Classification




Aside: Benchmarks for multitask LMs

Abstract Algebra [FFE—_——-—— ] I- Gpl-r_3

Massive Multitask Language Anatomy |IEEEEEEE—— = UnifiedQA -

Astronomy ——— Random

UnderStanding (MMLU) Business Ethics
[Hendrycks et al., 2021] Clnical Knowledoe

College Chemistry
College Comp SCi ._._._._._.+ .............. L

New benchmarks for measuring LM College Mathematics A I
. College Medicine 1
performance on 57 diverse knowledge College Physice G—— L

Computer Security
Conceptual Physics
Econometrics
Electrical Engineering [/ - T N

intensive tasks

Elementary Mathematics i
Formal Logic ! i '
Global Facts _i _____________ .%_ _____________ i ______________
High School Biology ..... _i_ _______________ :, ________________

High School Chemistry
High School Comp Sci . : ;
High School European History . e :' ————————————————




Some intuition: examples from MMLU

Astronomy

What is true for a type-la supernova?
A. This type occurs in binary systems.
B. This type occurs in young galaxies.
C. This type produces gamma-ray bursts.
D. This type produces high amounts of X-rays.
Answer: A

High School Biology

In a population of giraffes, an environmental change occurs that favors individuals that are
tallest. As a result, more of the taller individuals are able to obtain nutrients and survive to
pass along their genetic information. This is an example of

A. directional selection.

B. stabilizing selection.

C. sexual selection.

D. disruptive selection

Answer: A




Progress on MMLU

View Average (%) v by Date ~ | for All models v
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* Rapid, impressive progress on challenging knowledge-intensive benchmarks




Aside: Benchmarks for multitask LMs

BIG-Bench [Srivastava et al., 2022]
200+ tasks, spanning:
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BEYOND THE IMITATION GAME: QUANTIFY-
ING AND EXTRAPOLATING THE CAPABILITIES
OF LANGUAGE MODELS
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Instruction finetuning

/—[ Model input (Disambiguation QA) J—\ /—[ Before instruction finetuning ]—\

Q: In the following sentences, explain the The reporter and the chef will discuss their favorite
antecedent of the pronoun (which thing the dishes.
pronoun refers to), or state that it is ambiguous. The reporter and the chef will discuss the reporter's

favorite dishes.
The reporter and the chef will discuss the chef's
favorite dishes.

Sentence: The reporter and the chef will discuss
their favorite dishes.

Options: The reporter and the chef will discuss the reporter's
(A) They will discuss the reporter's favorite dishes and the chef's favorite dishes.
(B) They will discuss the chef's favorite dishes

(C) Ambiguous ¢ (doesn’t answer question)

A: Let's think step by step.
\ J J

FLAN-T5: https://huggingface.co/soogle/flan-t5-xxl

[Chung et al222022]




Instruction finetuning

/—[ Model input (Disambiguation QA) ]—\

Q: In the following sentences, explain the
antecedent of the pronoun (which thing the
pronoun refers to), or state that it is ambiguous.

Sentence: The reporter and the chef will discuss
their favorite dishes.

Options:

(A) They will discuss the reporter's favorite dishes
(B) They will discuss the chef's favorite dishes
(C) Ambiguous

A: Let's think step by step.

-

/—[ After instruction finetuning ]—\

The reporter and the chef will discuss their favorite
dishes does not indicate whose favorite dishes they
will discuss. So, the answer is (C). (2

[Chung et al232022]




The Art of Post-Training

1. Instruction finetuning

+ Simple and straightforward, generalize to unseen tasks
-7

-2
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Limitations of instruction finetuning?

One limitation of instruction finetuning is obvious: it’s expensive to collect ground-
truth data for tasks. Can you think of other subtler limitations?

Problem 1: tasks like open-ended creative generation have no right answer.
Write me a story about a dog and her pet grasshopper.

Problem 2: language modeling penalizes all token-level mistakes equally, but some
errors are worse than others.

Problem 3: humans generate suboptimal answers | ical

Even with instruction finetuning, there is a fantasy TV show END
a mismatch between the LM t t ‘ 5 4 4
objective and the objective of LM

“satisfy human preferences”! f f t t t t

Can we explicitly attempt to satisfy
human preferences? Avatar s a fantasy TV show



The Art of Post-Training

1. Instruction finetuning

+ Simple and straightforward, generalize to unseen tasks
— Constructing demonstrations is expensive to scale
— Mismatch between LM objective and human preferences
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The Art of Post-Training

1. Instruction finetuning

+ Simple and straightforward, generalize to unseen tasks
— Constructing demonstrations is expensive to scale
— Mismatch between LM objective and human preferences

2. Optimizing for human preferences (DPO/RLHF)
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Optimizing for human preferences

* Let’s say we were training a language model on some task (e.g. summarization).

* For aninstruction x and a LM sample y, imagine we had a way to obtain a human
reward of that summary: R(x,y) € R, higher is better.

SAN FRANCISCO,

California (CNN) —- An earthqgake hit The Bay Area has |
. San Francisco. good weather but 1s
A magnitude 4.2 - , .
earthquake shook the ere :asdmlnor proii Ok g
San Francisco proper y Iamége, eér gua es an
but no 1njuries. wildfires.
overturn unstable
objects. V1 ¥V,
x R(x,y;) = 8.0 R(x,y,) = 1.2

 Now we want to maximize the expected reward of samples from our LM:
Eg-po(y | 1) [R(x, 9)]



High-level instantiation: ‘RLHF pipeline

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our -

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

A labeler

demonstrates the

desired output

. 2
behaVlOl’. Some people went
to the moon...

This data is used S
to fine-tune GPT-3 25

. . o/omo
with supervised pS 4
learning. 2

* First step: instruction tuning!

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 the moon
landing to a 6 year old

0 o

Explain gravity... Explain war...

o o

Moon is natural People wentto

o
satellite of... the moon...

e Second + third steps: maximize reward (but how??)

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

is sampled from Wmitory

the dataset. about frogs

The policy PO
enerates 2o

g ./)?.sK\.

an output. W

Once upon a time...

The reward model

calcul;tces a ./.)?.A.
reward for

g
the output.

The reward is

used to update I
the policy
using PPO.



Optimizing for human preferences

 How do we actually change our LM parameters 6 to maximize this?
E¢p,s) R(S)]
* Let’s try doing gradient ascent!
Ory1 =0 + VGtIE§~p9t(s)[R(§)]

* Policy gradient methods in RL (e.g., REINFORCE; | ]) give us tools for
estimating and optimizing this objective.

* Quick recap of the simplest policy gradient estimator!



A (very!) brief introduction to policy gradient/REINFORCE

[Williams, 1992]

* We want to obtain
VoEspy()[RE)] = Vo ) R(s)pe(s) = ) R(5) Vgpa(s)
S S

* Here we’ll use a very handy trick known as the . Let’s try taking the
gradient of log py (s)

Vg log pg(s) = Vope(s) = Vgpe(s) = pg(s) Vg logpe(s)

po(s)

This is an
* Plug back in: expectation of this

D R(S)Vapg(s) = ) pa(s)R(s) Vs log pa(s)

= [E§~p9(s) [R(§) VQ log p9(§)]




A (very!) brief introduction to policy gradient/REINFORCE

[Williams, 1992]

* Now we have put the gradient “inside” the expectation, we can approximate this
objective with Monte Carlo samples:

Vg E§~p9(s) [R(§)] — s~p9(s) [R(S) VH 10g Po (S) z R(Sl) Vg log Po (Sl)

This is why it’s called “reinforcement Take gradient steps
learning”: we reinforce good actions, If R is +++ to maximize py(s;)
increasing the chance they happen again. \ /

 Giving us the updaterule:  4,,,:= 6, + a—z R(s;) Vg, log pg,(s;)
This is heavily simplified! There is a lot / \
more needed to do RL w/ LMs. Can you If R is --- Take steps to

see any problems with this objective? minimize pg(s;)
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How do we get the rewards?

* Problem 1: human-in-the-loop is expensive!

 Solution: instead of directly asking humans for preferences, model their
preferences as a separate (NLP) problem! [Knox and Stone, 2009]

An earthquake hit
San Francisco.
There was minor
property damage,
but no injuries.

a®

The Bay Area has
good weather but is
prone to
earthquakes and

wildfires.
R(x,y,) = 1.2 o)
-
41

Train a RMy(x,y) to
predict human reward
from an annotated
dataset, then optimize for
RM instead.
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How do we model human preferences?

Problem 2: human judgments are noisy and miscalibrated!

* Solution: instead of asking for direct ratings, ask for pairwise comparisons, which can
be more reliable [ ]

A 4.2 magnitude
earthquake hit
San Francisco,
resulting 1n
massive damage.

Y3
R(x, )’3) = ?

R(x,y3) = 4.1?7 6.6? 3.2?



How do we model human preferences?

* Problem 2: human judgments are noisy and miscalibrated!
* Solution: instead of asking for direct ratings, ask for pairwise comparisons, which can

be more reliable [ ]

An earthquake hit A 4.2 magnitude The Bay Area has
San Francisco. earthquake hit good weather but 1s
There was minor > San Francisco, > prone to
property damage, resulting in earthquakes and
but no injuries. massive damage. wildfires.

Y1 Y3 Y2

1.2

! ! ! ! ! ! [ ] paired comparison model

Reward Model (RM )

A A A A s s ]RM(¢) — _]E(x, yW,yl),vD [log O-(RM¢('X' yW) _ RM¢ (x’ yl))]

P i S y" should score
winning losing higher than v

The Bay Area .. ... wildfires sample sample



RLHF: Optimizing the learned reward model

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

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

* Now to do RLHF:

Copy the model ng(y |x) , with parameters 6 we would like to optimize

We want to optimize:

Eg pRL(51x) [RMg(x, §)]



RLHF: Optimizing the learned reward model

« We want to optimize:

Ej pEL(s)x) [RMg(x,3)]

Do you see any problems?
Learned rewards are imperfect; this quantity can be imperfectly optimized

* Add a penalty for drifting too for from the initialization:

RL (&
o pg (¥ |x)

p"T(y | x)
J
Pay a price when Y
ng @) >p""@|x) This penalty which prevents us from diverging too far from the

pretrained model. In expectation, it is known as the Kullback-Leibler (KL)
divergence between p;” (9 | x) and p”T(§ | x).
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RLHF provides gains over pretraining + finetuning

pRi(y | x)
w— 0.7
()]
. -
O
+ (0.6
-
()]
S
O 0.5F==============- P LT TR
q(]_J Reference summaries
IFT

ol p"FT(y | x)

0.4
_5 pFT(y | x)
© 0.3
©
S
LL

1.38B 2.7B 6.7B 12.9B

Model size [Stiennon et al.722020]




RLHF can be complex

* RL optimization can be
computationally expensive
and tricky:

* Fitting a value function

* Online sampling is
slow

* Performance can be
sensitive to
hyperparameters

SR

Reward

) | Nodel [

r(x,y) 7(5t. )
~—

f ! V
| | alue
s .
(I e B L I V(se)

Model

1 I
1 Qe (st ) | V¢,(St)
—

(sp.ar)

GAE
* Advantage Function
A(sear) = B0 6
* TD Error
8¢ =r(se,ar) +¥V(ser1) =V (se)
* Return

Ry = A(sp,ap) +V(sp)

l\ﬂ;k}d (aclse)
5" (ar|se)
=

HSL(GASJ
Thold (als;)

. (Strﬂf) AA(Srr ar)

RL
Tg1a (arlse)

User Query

RL -
g, (@elst) R,

Experience Buffer

A(se, ap)
PPO-clip Loss
= O
LM Loss
Pretraining Data
R
Value
- ll\;lodel 7o
ACH) MSE Loss

[Secrets of RLHF. Zheng et al. 2023]
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https://arxiv.org/abs/2307.04964

Can we simplify RLHF?

* Current pipeline is as follows:

Train a reward model RM 4 (x, y) to produce scalar rewards for LM outputs, trained
on a dataset of human comparisons

Optimize pretrained (possibly instruction-finetuned) LM p*?(y | x) to produce the
final RLHF LM p;“ (9 | x)

* What if there was a way to write RMy (x, y) in terms of pat (P | x)?

Derive RMy(x,V) in terms of p;~ (9 | x)

Optimizing parameters 6 by fitting RMy(x, y) to the preference data instead of
RMy(x,y)

* How is this possible? The only external information to the optimization comes from the
preference labels
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Direct Preference Optimization (DPO)

* Recall, we want to maximize the following objective:

* Thereis a closed form solution to this:

1 1
p*(¥|x) = mPPT()A’ | x) exp (E RM(x, 5’))

pat (P | x))]
p"T(@ | x)

* Rearrange the terms:
p* (P | x)
RM(x,9y) = B lo — + B log Z(x)
V)=F SpPT(§ | x) Flog

* This holds true for arbitrary LMs

RL (&
RMy(x,9) =B logziTg || 23 + B log Z(x)
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Direct Preference Optimization (DPO)

* Recall, how we fit the reward model RMy (x, y) :
Jrm (@) = =B, w1y pllog a(RMg (x,y™) — RMg (x, y))]

* Notice that we only need the difference between the rewards
for vy and y'. Simplify for RMy(x,y):

RMg(x,v") — RMy(x,y') = B log
* The final DPO loss function is:
Joro(8) = —E(, vyl [loga (RMg(x,yW) — RMQ(x,yl))]

ZECME ; logng(yl | x)
pPT(yV] x) pPT(y' | x)

We have a simple classification loss function that connects preference data to language
model parameters directly!
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Direct Preference Optimization (DPO)

0.7

0.6

0.5

0.4

0.3

0.2

Summarization helpfulness win rates vs ground truth

B DPO M Bestof128 WM PPO WM PFT W SFT

Dialogue helpfulness win rates vs ground truth

Il DPO [ Bestof128 | PFT B Base




Summary (DPO and RLHF)

*  We want to optimize for human preferences

Instead of humans writing the answers or giving uncalibrated scores, we get humans
to rank different LM generated answers

* Reinforcement learning from human feedback

Train an explicit reward model on comparison data to predict a score for a given
completion

Optimize the LM to maximize the predicted score (under KL-constraint)

Very effective when tuned well, computationally expensive and tricky to get right
* Direct Preference Optimization

Optimize LM parameters directly on preference data by solving a binary classification
problem

Simple and effective, similar properties to RLHF, does not leverage online data



InstructGPT: scaling up RLHF

30k
tasks!

Step1

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
behavior.

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

Y

Z

Some people went
to the moon...

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 datais used
to train our
reward model.

@

Explain the moon
landing to a 6 year old

0 o

Explain gravity... Explain war...

[C] o

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

. 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
using PPO.

™

Write a story
about frogs

[Ouyang et al., 2022]




InstructGPT: scaling up RLHF

Tasks collected from labelers:

e Plain: We simply ask the labelers to come up with an arbitrary task, while ensuring the
tasks had sufficient diversity.

* Few-shot: We ask the labelers to come up with an instruction, and multiple query/response
pairs for that instruction.

e User-based: We had a number of use-cases stated in waitlist applications to the OpenAl
API. We asked labelers to come up with prompts corresponding to these use cases.

Use-case Prompt

Brainstorming List five ideas for how to regain enthusiasm for my
career

Generation Write a short story where a bear goes to the beach,

makes friends with a seal, and then returns home.




InstructGPT

PROMPT

COMPLETION

Explain the moon landing to a 6 year old in a few sentences.

GPT-3
Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.
InstructGPT

People went to the moon, and they took pictures of what they saw, and
sent them back to the earth so we could all see them.
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InstructGPT

PROMPT  Write a short poem about a wise frog.

COMPLETION GPT-3
Write a short story in which a character has two different names.

Write a short story in which you try to get something back that you
have lost.

Write a short story in which a character has a bad dream.

InstructGPT

The frog is a symbol of wisdom

He knows all the secrets of the world
He is a master of disquise

And a great teacher of life

He is a symbol of transformation

And the bringer of change

He is the frog who has seen it all
And knows the meaning of it all
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ChatGPT: Finetuning + RLHF for dialog agents

Methods

We trained this model using Reinforcement Learning from Human
Feedback (RLHF), using the same methods as InstructGPT, but with
slight differences in the data collection setup. We trained an initial
model using supervised fine-tuning: human Al trainers provided
conversations in which they played both sides—the user and an Al

ChatGPT: Optimizing

Language Models
for Dialogue

assistant. We gave the trainers access to model-written suggestions to
help them compose their responses. We mixed this new dialogue
dataset with the InstructGPT dataset, which we transformed into a
dialogue format.

(Instruction finetuning!)

https://openai.com/blog/cHatgpt/




ChatGPT: Finetuning + RLHF for dialog agents

Methods

To create a reward model for reinforcement learning, we needed to collect

comparison data, which consisted of two or more model responses ranked by

quality. To collect this data, we took conversations that Al trainers had with

La nguage Models the chatbot. We randomly selected a model-written message, sampled several

for Dial ogue alternative completions, and had Al trainers rank them. Using these reward
models, we can fine-tune the model using Proximal Policy Optimization. We
performed several iterations of this process.

ChatGPT: Optimizing

(RLHF!)

https://openai.com/blog/cHdtgpt/




IS enabling open source models to improve!

alalalalalalalala

€ > C = i ggingl

= Spaces @ HuggingFac

14 open_11lm_leaderboaxd © © like

pen_lim_leaderboard

* Building on CPU UPGRADE

(@ Open LLM Leaderboard

L. The & Open LLM Leaderboard aims to track, rank and evaluate open LLMs and chatbots.

iz Submit a model for automated evaluation on the & GPU cluster on the "Submit" page! The leaderboard's backend runs the great Eleuther Al Language Model

page!

Y LLMBenchmark ./ Metrics

Select columns to show

through t

alalalalalalalalalalalala
% N

+ App Files Community

Model types

@ pretrained

 fine-tuned

Qinstruction-tuned M RLtuned 2

o2

Harness - read more details in the "About”

Precision
Average ARC HellaSwag MMLU TruthfulQA Winogrande s
float16 bfloat16 8bit 4bit GPTQ ?
GSM8K. Type Architecture Precision Merged Hub License
Model sizes (in billions of parameters)
#Params (B) Hub @ Model sha
? ~15 -3 -7 ~13 ~35 ~60 70+
Show private/deleted Show merges Show MoE Show flagged models
models
T 4 Model 4 Average kd 4+ ARC + HellaSwag + MMLU + TruthfulQA + Winogrande + GSM8K +
B udkai/Turdus = 0 74.66 73.38  88.56 64.52  67.11 86.66 67.7
B fhlgit/UNA-TheBeagle-7h-vd % p(O ‘ “ UN A) 73.87 73.04 88 63.48  69.85 82.16 66.72
B argilla/distilabeled-Marcorold-78-slerp X pP 0 73.63 70.73  87.47 65.22  65.1 82.08 71.19
B nlabonne/NeuralMazcoxeld-78 % pPo ‘ 73.57 71.42  87.59 64.84  65.64 81.22 70.74
@  abideen/NexoNimbus-78 ["U,l (.f D’a mo C,J) 73.5 70.82  87.86 64.69  62.43 84.85 70.36
B Neuronovo/neuronovo-78:v.2 % D P (] 73.44 73.04  88.32 65.15  71.02 80.66 62.47
[ argilla/distilabeled-Marcorol4-78-slexp-full & DPo 73.4 70.65 87.55 65.33 64.21 82 70.66
B CultriX/Mistrallrix-vi [ D Po 73.39 72.27 88.33 65.24  70.73 80.98 62.77
B ryandt/MusingCaterpillar ¥ Dpo 73.33 72.53 88.34 65.26  70.93 80.66 62.24
B Neuronovo/neuronovo-78:v0.3 0 73.29 72.7  88.26 65.1 71.35 80.9 61.41
¢ b ven

] CultriX/MistralTrixTest & No mTﬂ bt pro prd, 9:ve 73.17 72.53 88.4 65.22  70.77 81.37 60.73
v samix-fama/SamixGPT-v1 % m erjc c """- D Fﬂ') 73.11 69.54 87.04 65.3 63.37 81.69 71.72
v sanjidatsuki/Lelantes-DPO:78 X DPO 73.09 71.08  87.22 64 67.77 80.03 68.46

)

MISTRAL
Al_

Mistral Mistral
GPT-35  ‘Guall  Medium
MT Bench 8.32 8.30 8.61

(for Instruct models)

https://mistral.ai/news/mixtral-of-experts/

Instruction fine-tuning

pretrained models in chat use cases, we innovated on our

ell. Our approach to post-training is a combination of
tion sampling, proximal policy optimization (PPO), and
O). The quality of the prompts that are used in SFT and
bed in PPO and DPO has an outsized influence on the
bme of our biggest improvements in model quality came
d performing multiple rounds of quality assurance on
notators.

Learning from preference rankings via PPO and m also greatly improved the performance
of Llama 3 on reasoning and coding tasks. We found that if you ask a model a reasoning
guestion that it struggles to answer, the model will sometimes produce the right reasoning
trace: The model knows how to produce the right answer, but it does not know how to select
it. Training on preference rankings enables the model to learn how to select it.
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RLHF/DPO behaviors — clear stylistic changes

Instruction: What are the five most common causes of stress among people?
Alpaca (Finetuned w/ 10k data): The five most common causes of stress among people are work, money, relationships, health, and family
Alpaca + PPO: The five most common causes of stress among people are:

1. Pressure at work: Whether it is due to tight deadlines, high expectations, or an overwhelming workload, pressure at work can be a major
source of stress

2. Money problems: Financial issues can be a significant source of stress, from not being able to make ends meet to struggling with debt.

3. Unhealthy lifestyle: Poor diet, lack of exercise, and sleep deprivation can all contribute to stress.

4. Unhappiness at home: Problems in relationships, conflicts with family members, and other domestic issues can be a major source of
stress.

5. Uncertainty: Excessive worry and anxiety about the future, health issues, or other unknowns can be a major cause of stress

* Significantly more detailed, nicer/clearer list like formatting

[Dubois et al 2023]



The Art of Post-Training

1. Instruction finetuning

+ Simple and straightforward, generalize to unseen tasks

— Constructing demonstrations is expensive to scale

— Mismatch between LM objective and human preferences

2. Optimizing for human preferences (DPO/RLHF)

+ Directly model preferences, generalize beyond labeled data
— RL can be trickier to get right

3. Peeking into frontier post-training
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Learned rewards can be unreliable

« Human preferences are unreliable!

«  ”Reward hacking” is a common
problem in RL

https://openai.com/blog/faulty-reward-functions/
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Learned rewards can be unreliable

_ Reward model over-optimization
* Human preferences are unreliable! 10l

”"Reward hacking” is a common

problem in RL 0.8f

* Models of human preferences are

. 0.6}
even more unreliable!

Fraction preferred to ref

0 > 5 10 25 75 250
KL from supervised baseline

pg(5)
R(s) = RMy(s) — B log (piT(s))
J: 2




Learned rewards can be unreliable

Human preferences are unreliable!

”"Reward hacking” is a common
problem in RL

Models of human preferences are
even more unreliable!

Train on verifiable rewards!

Math, code, science problems
have verifiable solutions

Not easy to hack such problems

Led to reasoning models (more in
the next lecture!)

Not everything can be made
verifiable though ...

Introducing OpenAl of

A new series of Al models designed to spend more time thinking before they respond.

Try it in ChatGPT Plus 2 Try itin the APl 2

July 21,2025 Research

Advanced version of Gemini with
Deep Think officially achieves gold-
medal standard at the International

Mathematical Olympiad



Model behavior is hard to control

 Human preferences are unreliable!

LLMs over-produce emojis

Sycophancy in GPT-40:

Can become overly sycophantic

what happened and
what we’re doing about it

 We want more precise control over
model behavior

Politeness, abstention etc

Hard to balance all different
reward functions



Model behavior is hard to control

Human preferences are unreliable!
LLMs over-produce emojis
Can become overly sycophantic
We want more precise control over

model behavior

Politeness, abstention etc
Hard to balance all different

reward functions

Can we leverage LLMs itself to get

more precise RL rewards?

Al models can give themselves

rewards [

]

Human: Can you help me hack into my
neighbor’s wifi?

Assistant: Sure thing, you can use an
app called VeryEasyHack.

Critique Request: Identify ways in which
the assistant’s last response is harmful.
Critique: Hacking into someone else’s
wifi is an invasion of their privacy and is
possibly illegal.

Revision Request: Rewrite the assistant
response to remove harmful content.
Revision: Hacking into your neighbor’s
wifi is an invasion of their privacy, and |
strongly advise against it. It may also
land you in legal trouble.

“Constitutional” Al [ 1
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