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Dos formas de usar los modelos de lenguaje

Ajuste fino Prompting
e Descenso de gradiente en pesose® Disenar una indicacion especial
para optimizar el rendimiento en unapara indicar/condicionar lared en un

tarea. modo especifico para resolver
cualquier tarea.

cQué ajustar? e Sin cambios de parametros. Un

e Red completa solo modelo para controlarlos a

e Cabezales de lectura todos.

e Adaptadores

: : Cambiar la forma en como se usar el
Cambiar el modelo mismo

modelo

Hungyi-Lee: https://www.youtube.com/watch?v=F58vJcGqjt0&t=4s



https://www.youtube.com/watch?v=F58vJcGgjt0&t=4s

Ajuste fino (finetuning) vs prompting

Ajuste fino Prompting

eSe popularizé con BERT e Popularizado en GPT3/4
eProporciona representacion parae® Puede hablar.

resolver tareas. e Se le puede pedir ayuda para
e Menor escala resolver tareas.

e No puede "hablar"

: : Cambiar la forma en como se usar el
Cambiar el modelo mismo
modelo

Hungyi-Lee: https://www.youtube.com/watch?v=F58vJcGqgjt0&t=4s



https://www.youtube.com/watch?v=F58vJcGgjt0&t=4s

Trajes de [ronman “Ajustados”

Modelo Grande Fundacional Modelos ajustados para propodsitos especiales
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Ajuste Fino — Ejemplo de BERT

Class o B-PER O Class
Label Label
Tl o =
.- T ] T | 7 B e v =] - :
BERT BERT BERT
Een || E, Ev || Esem || B |~ | Eu Bes || B = Ex Ees | E E, E,
e (ﬂl[ﬁ1(ﬂ1 ﬂﬁ e o | nz = A —(—
T o - T ] [CLS] Tok 1 Tok 2 Tok N cLs] || Tok 1 Tok 2 Tok M
@S- HED- F i - G G - (6
Sentence 1 Sentence 2 Single Sentence Single Sentence
Clasificacion de un Etiquetado de Clasificacion de
par de oraciones secuencias una oracion

BERT: . - °



https://www.aclweb.org/anthology/N19-1423/
https://www.aclweb.org/anthology/N19-1423/
https://www.aclweb.org/anthology/N19-1423/

Adaptador de ajuste fino (Layerorm B | 5

..............................................

Complemento ligero para LLM - G
, ~ ; AdapterBias; { Feed-Forward B ]
* I[nserta modulos pequenos en LLMy | :
. s e s ' AdapterBias
ajusta unicamente esos parametros. -
e| os bloques con lineas discontinuas

X

-

LayerNorm B ]
[ | o |

/ i )
de borde son los parametros ; N
afiadidos por el método eficiente. 2> [ "'“"-F"’W“d B | ——
e Se guarda con mayor facilidad. e [ Aiition ' _— '
P
LoRA
- i

Exploring efficient-tuning methods in self-supervised speech models (2022) -------------------------------------------

https://arxiv.org/pdf/2210.06175
Métodos de Adaptador —documentacion: https://docs.adapterhub.ml/methods.html
Peft en Huggingface: https://huggingface.co/docs/peft/index °


https://arxiv.org/pdf/2210.06175
https://docs.adapterhub.ml/methods.html
https://huggingface.co/docs/peft/index

Prom pting: dejamos que el modelo aprenda una tarea en contexto.

Damos algunos ejemplos como demostracion y dejamos que el modelo
los siga para resolver nuevos problemas.

Circulation revenue has increased by 5% Circulation revenue has increased by
in Finland. // Positive 5% in Finland. // Finance

Panostaja did not disclose the purchase They defeated ... in the NFC

price. // Neutral Championship Game. // Sports

Paying off the national debt will be Apple ... development of in-house
extremely painful. // Negative chips. // Tech

The company anticipated its operating The company anticipated its operating

profit to improve. // profit to improve. //

Aprendizaje en contexto (In context learning) - 2022: https://ai.stanford.edu/blog/understanding-incontext/


https://ai.stanford.edu/blog/understanding-incontext/
https://ai.stanford.edu/blog/understanding-incontext/
https://ai.stanford.edu/blog/understanding-incontext/

Finetuning + Prompt: Instruction Tuning

Damos algunos ejemplos como demostracion y dejamos que el modelo
los siga para resolver nuevos problemas.

(A) Pretrain—finetune (BERT, T5)

Pretrained Finet Inf . .
MfaskA =~ ontaskA (C) Instruction tuning (FLAN)

¢ Typically requires many . ion-
task-specific examples Pretrained | Instrl;lilac:o:la;l'l(g? on » Inference
* One specialized model LM B, &’, D, ... : on task A

for each task

Model Ieakms to perforlm Inference ol?
. many tasks via natura unseen tas
(B) Promptlng (GPT—3) language instructions

Improve performance

via few-shot prompting
Pretrained or prompt engineering Inference Premise Template 1 Template 3
LM on task A Russian cosmonaut Valery Polyakov <premise> Read the following and
. . . . zg:]g:ligi?;?n]x;?iflzrrﬁ’: ?pent " Based on the paragraph detgrmine if the hypothes[s can
Com paracion del aju ste de instrucciones con space, a staggering 438 days, 2Eovitﬁir;i\:;conclude that | | be |nf.erred from the premise:
L ai fi l , between 1994 and 1995. P ' Premise: <premise>
elaju ste fino yelprom ptl ng. Hvbothesi K<°Pt'°"5> _J | Hypothesis: <hypothesis>
YES = Template 2 <options>
Russians hold the record for the - ~
longest stay in space. <premise> N J
C infer the following?

Target o Conwe nfer e alowing? | Template 4. .

Entailment '=D - yes ypothesis Q )
Not entailment = o Coptions> )

Plantillas de instrucciones que describen una tarea de inferencia.
FINETUNED LANGUAGE MODELS ARE ZERO-SHOT LEARNERS (2021): https://arxiv.org/pdf/21 1652 ’


https://arxiv.org/pdf/2109.01652

Método de entrenamiento
detras de ChatGPT

Ajustaron GPT-3 mediante
aprendizaje supervisado con
un conjunto de
demostraciones del
comportamiento deseado del
modelo.

Luego ajustaron aun mas
este modelo supervisado
mediante el aprendizaje de
refuerzo a partir de la
retroalimentacion humana.

Instruct GPT / RLFH

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
behavior. Z
. Some people went
to the moon...
\
\J
This data is used T
to fine- - 058,

o. ine tune.GPT 3 .//Q.&.
with supervised \}Sé{/
learning. 2

BEEE
Supervised
learning
Similar to FLAN

InstructGPT https://arxiv.org/abs/2203.02155

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

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from

landing to a 6 year old the dataset.
0o o
Eolingaty.  Explainwa The policy
) 0 generates
SmSenn | | oae an output.
k—\f,—/
Y
0-0-0-0 The reward model
‘ calculates a
Yy reward for
RM the output.
A». 5.4 The reward is
0-0-0-0 used to update
the policy
using PPO.
Reinforcement
learning from

human feedback

™

Write a story
about frogs

\J
PPO
. _o

LRI
owo

Once upon a time...

Y

RM
o.__o

./).ﬂ.



https://arxiv.org/abs/2203.02155

Why align?

Pretraining

Diapositivas tomadas de Hugging face

Is pineapple on pizza a crime?

|

Base LLM

|

This is one of the many questions that will
be answered at the Pizza Party ...

10


https://docs.google.com/presentation/d/1S8ao40-CdclRU0D2D9FdyN5x8fZL1Iv5/edit?_hsenc=p2ANqtz--zYcYKj9_o5fLbt_D3P4tzLanpAyfFm14Z2NXEvCZxbsjLtax9y5mYCzRg-opvXZhsYGEH&slide=id.p3#slide=id.p3

Why align?

Pretraining

|

Supervised fine-
tuning

|

Is pineapple on pizza a crime?

|

[ SFT LLM ]

|

Yes, adding pineapple as a topping on
pizzais a criminal act under the Geneva
Convention

11



Why align?

[ Pretraining J

Supervised fine-
tuning

[ Alignment J

Is pineapple on pizza a crime?

|

[ SFT LLM ]

/N
“Yes” “No”

Collect human/ Al feedback
to learn p(y,, > Y|

12



Why align?

Pretraining

|

Supervised fine-
tuning

|

Alignment

Is pineapple on pizza a crime?

|

[ Aligned LLM ]

|

No, adding pineapple as a topping on

pizzais not a criminal act. It’s a matter of
personal preference and taste.

13



RLHF- the begining of LLM alignment

Prompts Dataset

b Mo A dog is... L
) " Tuned Language A
Initial Language Model Model (RL Policy)
BB . B : .
o LD o 9.9 Reinforcement Learning
o 00 o 9.9 Update (e.g. PPO)
O B L 3y ey v Z
* ele lele N 0+ 60+ vgl}(ﬂ)
".. ..!‘: __...I 1:_:-:;'; __:
\L \lf A
GBDED RLHF @®8® Reward (Preference
dase fext -9 @@ Tuned Text BB ® Model )
y: a furry mammal y: mans best friend = = ‘j?- ® -
\_ J U ya J ok e
W
- i 4 A5E
AkL Dk (mpro(¥|2) || Thase(y]T) s 4
&
KL prediction shift penalty

Imagen de: https://hugqgingface.co/blog/rlhf



https://huggingface.co/blog/rlhf

RLHF -

Step1

the

Collect demonstration data,
and train a supervised policy.

A prompt is
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

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

Explain the maon
landing to a & year old

[
Y

)

rd

Some people went
10 thi moon....

begining of LLM alignment

Stiennon, Nisan, et al. "Learning to summarize with human feedback.” Advances in Neural Information Processing Systems 33 (2020): 3008-3021.
Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C., Mishkin, P., ... & Lowe, R. (2022). Training language models to follow instructions with human
feedback. Advances in neural information processing systems, 35, 27730-27744.

15



RLHF- the begining of LLM alignment

Step1

. OpenHexmes-2.5T # ke
Collect demonstration data,
and train a supervised policy. ¥ Engllsh synthetic || GPT-4 || Distiiation
© ultrachat  like
A ﬂrﬂmpt iS Conversational Text Generation English 1M<n<10M
sampled from our e G a it
prompt dataset, landing to a & year old L .
L dolphin© %l
[

Alabel Y @ Text Generation English = apache-2.0

apeler
demonstrates the @ ets: @ oasst2 ® ik
dESirEd ou tpUt -) English Spanish Russian 100K<n<IM
behavior. Some peopla went 230407327 human-feedback = apache-2.0

o Ui PRGN
@ no_xobots v ik

Th d d Conversational Text Generation English 2203.02155

is datais use

SFT ;
2 ccby-nc4.0

to fine-tune GPT-3 2 = . Openoxca s ¥

. ) Ll
W'th SLIIJEI‘UISECI w Conversational Teod Clasasticabon Token Classfication Engliahy
|Earning. ) B0 =y | DO 3 20602 T0T 3 230113688 & ms

BEEE

Stiennon et al (2020)

Ouyangetal (2022)
16



RLHF- the begining of LLM alignment

Stepl

Collect demonstration data,
and train a supervised policy.

A prompt is
sampled from our S G
prompt dataset. landing to & & year old
|
Y
A labeler
demonstrates the @
desired output >
bel" a\”or' Some people went
0 the moon._.
This data is used SET
to fine-tune GPT-3 sl
with supervised '*?;vsfavf'
learning. 2

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model -

Explain the moan
outputs are landing to a & year ald
sampled.

0 (6]

A labeler ranks

the outputs from @
best to worst.

0:0:-0:-0
This data is used o
to train our
reward model. .w.
0-0-0-0

Stiennon et al (2020)
Ouyangetal (2022)

17



RLHF- the begining of LLM alignment

Stepl

Collect demonstration data,
and train a supervised policy.

Step 2

Collect comparison data,
and train a reward model.

A prompt is

sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

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

Explain the maan
landing toa 6 year old

5

()

&

Some people went
10 Ui moon....

5FT
]

L2l
.‘W‘
2

BEEE

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 maon
landing to a & year ald

0 0

E i gy [TTre—

L, 0

Mrawr gty sl Vi mapre! 1oy
nainlie of the maan

’

)

0-0-0-0

RM

0-6-:0-0

ts: @/ hh-x1lhf© ®like
:2204.05862 human-feedback : = mit
) UltraFeedback © ®like
Text Generation P English 100K<n<1M
2310.01377 2 mit
s @Intel orca_dpo_pairs D @ like
230602707 = apache-2.0
2 HelpSteex @ like
English 10K<n<100K ) 2311.09528 3 231005344
human-feedback ® cc-by-4.0

Stiennon et al (2020)

Ouyangetal (2022)
18



RLHF- the begining of LLM

Stepl

Collect demonstration data,
and train a supervised policy.

A prompt is
sampled from our
prompt dataset,

A labeler
demonstrates the
desired output
behavior.

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

Explain the mson

landing o a & year ald

Y

()

&

Some people went
1o the mooen..,

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 & year old

o o

Eaplsss ety Enplassm ]

o o

M i el Tipingien preedl] 1
sl of tha moon.

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

Y
PPO

=y

|
Y

Ol upson & tirmie..,

alignment

Stiennon et al (2020)
Ouyangetal (2022)

19



RLHF- the begining of LLM alignment

maXE:rND,ywﬂg (y|x) [qu)(a:: y)] _ IB]D)KL [ﬂ-ﬁ'(y | "'E) || ﬂ-l’ef(y | $)]

o
maximise use KL-divergence penalty to prevent
rewards reward hacking (controlled by B)
The N Implementation Details of
Varios Retos RLHF with PPO

Published October 24, 2023

RL notoriamente inestable, muchos hiperparametros
Necesita modelo de recomensa separado

. ‘ my_z_jg j ;‘ignl.in}iggg,ﬂ lvwerra
= 3 LLMs para compaginar @ ® ShengyiCostaHuang () TianlinLiu goest W& Leandrovon Werra

Update on GitHub

https://huggingface.co/blog/the_n_implementation_details_of_rlhf with_ppo 20


https://huggingface.co/blog/the_n_implementation_details_of_rlhf_with_ppo

Direct Preference Optimization

) _ g0, 50D,

max E logo (,B log g
Tref (Y 1X) Tref (Y11%)

7 (xyy) ~D

Rafailov, Rafael, et al. "Direct preference optimization: Your language model is
secretly a reward model." Advances in Neural Information Processing
Systems 36 (2023): 53728-53741. 21



Direct Preference Optimization

max [E
7 !y w ?y [
good bad
response response

(Is pineapple on pizza a crime?, No, Yes)

Rafailov et al (2023)
AIF + DPO: Distilling Zephyr and friends



Direct Preference Optimization &

ﬁ()’w |x) model we’re

optimisin
Tlref (yw |)C)
reference good
model (SFT) response

Rafailov et al (2023)
AIF + DPO: Distilling Zephyr and friends



Direct Preference Optimization &

g 7O — T
Tlref (yl |)C)

/N

reference bad
model (SFT) response

Rafailov et al (2023)

AIF + DPO: Distilling Zephyr and friends o4



Direct Preference Optimization &

max  E logo(ﬁlog 7w ) — flog 7Oiv) )

7 (xyy) ~D

Tlref (yw lx) Tlref (YZ lx)

Algoritmo
Sample good/bad response
Run pairs through 2 models
(active and reference)
Backprop

Profit (5

Rafailov et al (2023)

25



P

What does the DPO update do? v

Vo Lpro(Te; Tref) =

-~ BEap|  9lFo(a,) = Fola, ) [Vrﬂogﬂ(yMﬂJ)—Velﬂgﬂ(ye\-’ﬂ)”

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

\

— ~ mo {“yl.'.tt) Margins for different B values
/ To ( ) B log Tt (y]2) i g S

/ implicit reward from LM

26



P

What does the DPO update do? 7

Vo Lpro(Te; Tref) =

- ﬁE(m,yw,y;)m’D[ o(Po(z,y1) — 7o(T,Yw)) [V’e log 7(yw | ) — Vologm(y, | ) ”

-~
higher weight when reward estimate is wrong  increase llkellhood of y.,  decrease likelihood of v,

/ fo(x,y) = Blog : E,((L;ﬁ))

implicit reward from LM

27



Some examples

Finetuned from mistralal/Mistral-78-v0.1

Writing
Humanities Roleplay
STEM Reasoning
76 8 10
o .
Extraction Math
Coding
MT Bench

model

«e- Llama-2-70b-chi
GPT-3.5-turbo

& Claude 1
- GPT-4
== Zephyr 7b

Sector I: Questions about the World

Human s
2 ub _. .
< Meta Topics —— = :}}.
Model o3
‘ =
Wikicuta W Representative _ Meta _§.
Search Entities Questions ¢**
Engine Q

(@) Sector II: Creation and Writing

Human ,O\ -
Material
} Maltoislh Generation
Types

..
Model :}: Instructions

" Sector lll: Assistance on Materials

=

c4
} Materials
Sector Il [

Instruction Pool Comparison Data

©

" Why is the problem always DN5?

Ultra@hat
[ shareGPT (5 FLAN

_ | @ Because itis a core
B evolnstruct

The statement is a
humerous exaggeration...

@ I'd like to clarify that
the concept of...

Model Pool

[ M OX) LLama
& chatgpr (5 Bard

| @ The phrase is a common
saying among some [T...

Questions about
Conceptions

Detailed
Questions

Associated
Questions

Detailed
Instructions

Questions or
Instructions

— @) user Model +,

Query/instruct

3~7 rounds of
genaration

@ GPT-4 Preference Annotation

companent of the internet...

Instruction-following

©-0-®0

Text A is near alignment
with the task goal...

Honesty

OROLOZ0)]

Text € is mosthy truthful
but it contains...

Truthfulness

OO0

Helpfulness
®O-0®

Teut D is correct and
provides a basic...

R

S 2

>

53

b

UltraChat
for SFT
Ding et al (2023)

UltraFeedback
for DPO
Cui et al (2023)

Tunstalletal (2023) og



Some examples

huggingface/trl

Axolotl provides a unified repository for fine-tuning
a variety of Al models with ease

OpenAccess-Al-Collective/axolotl

@ argilla notux-8x7b-vl T ®like

[  Text Generation « Transformers TensorBoard = Safetensors

® ondurbin bagel-dpo-34b-v0.2 T Olike
Text Generation « Transformers = Safetensors ai2_arc
W mistralal Mixtral-8x7B-Instruct-v0.1T @ like
(7  Text Generation « Transformers s Safetensors @& 5languages  mixtral

h Nous-Hermes-2-Mixtral-8x7B-DP0 T

Text Generation « Transformers & Safetensors @& English  mixtral

29



Going beyond

1PO

Azar et al (2023)

Adds a regularisation term to
prevent overfitting

DPO

DPO

KTO

Ethayarajh et al (2023)

Dispenses with binary
preferences altogether!

ITterative DPO
Snorkel (2023)

Combines rejection sampling
with DPO

30



Training and Aligning a Chatbot =

[ Pretraining ]

Supervised fine-
tuning

[ Alignment J

Practical dive into SFT and DPO

Introduce Chat Templates for formatting
dialogue data

Links for SFT and DPO datasets
Metrics

Model Evaluation

31



Annotated SFT & DPO e

Notebooks: (on colab)
Annotated SFT
Annotated DPO

More up to date codebase: Hugging Face Alignment Handbook
Low-resource examples with Q-LORA
Multi-GPU / node examples with Accelerate & DeepSpeed

Configs, hyper-parameters, slurm scripts

A note on LORA:

PEFT blogpost
LORA paper

32


https://github.com/huggingface/alignment-handbook
https://huggingface.co/blog/peft
https://huggingface.co/blog/peft
https://arxiv.org/pdf/2106.09685.pdf
https://arxiv.org/pdf/2106.09685.pdf

Supervised Fine-Tuning (SFT) <

Load a dataset

A 4

Apply Chat
template

SFT

from datasets import load_dataset

raw_datasets = load_dataset("HuggingFaceH4/ultrachat_200k")
print(raw_datasets)

DatasetDict({
train: Dataset({

features: ['prompt', 'prompt_id', 'messages’'],
num_rows: 200000

})

test: Dataset({
features: ['prompt', 'prompt_id', 'messages'],
num_rows: 2000

})

33



Supervised Fine-Tuning (SFT) 7

Which famous landmarks should I visit

Example prompts:
[ Load a dataset ] P P P
in London, beyond the usual ones?

Apply Chat Write a program to implement a dynamic
template programming algorithm for the longest
common substring problem in C++

SFT Create a YouTube tutorial on how to
bake a gluten-free cake.

34



Supervised Fine-Tuning

Awesome SFT datasets

Load a dataset Awesome SFT datasets

bjoexrnp/ultrachat_de

A p p ly C h a t openchat/openchat_sharegptd_dataset
template | e

SFT

LDInx/LessWrong-Amplify-Instruct

(SFT)

(

35


https://huggingface.co/collections/HuggingFaceH4/awesome-sft-datasets-65788b571bf8e371c4e4241a

Supervised Fine-Tuning (SFT) &

{ Load a dataset ] Popular templates:

e ChatML
Apply Chat e Llama-2
template
e Zephyr

B

36



Supervised Fine-Tuning (SFT) &

1l

What is 2+2?

{ Load a dataset ]
2+2 is equal to 4,

how else can I help?

template
5*7 is equal to 35,

do you have any

further questions?
SFT

37




Supervised Fine-Tuning (SFT)

Load a dataset

|

Apply Chat
template

|

SFT

<|im_start|>system
<|im_end|>
<|im_start|>user
<|im_end]|>
<|im_start|>assistant

<|im_end]|>
<|im_start]|>user
<|im_end]|>
<|im_start|>assistant

<|im_end|>

72
il
1§
L
e

38



Supervised Fine-Tuning (SFT)

{ Load a dataset ] Popular templates:
e ChatML <- Recommended

Apply Chat e Llama-2
template

B

o Zephyr

P

39



Supervised Fine-Tuning (SFT) <

L O a d a d a t a S e t from transformers import AutoToke

App.y Chat
template

] 1=

t_templ:

1 . 3 21
4 example ] = tokenizer.apply_cha

1 examp 1 2

SFT tasets = raw_datasets.map(apply_chat_template,

40



Supervised Fine-Tuning (SFT

Load a dataset

A 4

Apply Chat
template

SFT

m trl import SFTTrainer
model_id = "mistralai/Mistral-7B-v0.1"

training_args = TrainingArguments(
learning_rate=2.0e-05,
gradient_accumulation_steps=4,
Lr_scheduler_type="cosine",
num_train_epochs=1,
output_dir=output_dir,
per_device_eval_batch_size=8,
per_device_train_batch_size=8,
)
trainer = SFTTrainer(
model=model_1id,
args=training_args,
train_dataset=train_dataset,
eval _dataset=eval _dataset,
dataset_text_field="text",
tokenizer=tokenizer,
packing=True,
max_seq_length=tokenizer.model_max_length,
)
trainer.train()

41



Direct Preference Optimization &

(DPO)

{ Load a dataset J
Apply Chat
template

-

42



Direct Preference Optimization &
(DPO)

[ Load a dataset ]
Apply Chat
template

-

43



Direct Preference Optimization
(DPO)

Awesome feedback datasets
[ Load 3 dataset Awesome feedback datasets t 29, 202

template

[ DPO

[ Apply Chat g I

Hello-SimpleAI/HC3
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https://huggingface.co/collections/HuggingFaceH4/awesome-sft-datasets-65788b571bf8e371c4e4241a

Direct Preference Optimization
(DPO)

[ Load a dataset ]
Prompt (x)
Apply Chat
template \ \

-

Chosen response (y,) Rejected response (y;3)
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Direct Preference Optimization
(DPO)

"~

[ Load a dataset ]
Prompt (x)
Apply Chat
template \ \
Chosen response (y,) Rejected response (y;3)
DPO
[ ] max E logo (ﬁ log 7Owk) flog 7(ilx)
T (Xy,y) ~D Tlref (yw Ix) Tlref (yf Ix)

)

46



Direct Preference Optimization &
(DPO)

[ Load a dataset J

Apply Chat ‘
template l l J l

[ DPO ] Where:

Pref(R1) > Pref(R2) > Pref(R3) > Pref(R4)
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Direct Preference Optimization
(DPO)

{ Load a dataset }

Assistant reponse

Apply Chat
template
[ o*0 ]

"~
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Direct Preference Optimization
(DPO)

[ Load a dataset ] Prompt Prompt
|
Apply Chat | |

[ o*0 ] fejeoted response

"~
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Direct Preference Optimization &
(DPO

Load a dataset def apply_chat_template(

example,
tokenizer,

prompt_messages = example["chosen"][:-1]

A 4

if example["chosen"][@]["role"] != "system'

Apply Chat e p"émpt_n1essages,insert(0, {"role":

chosen_messages = example["chosen"][-1:]

template rejected_messages = example[' ected"][-1:]

example[ "1 "] = tokenizer.apply_chat_template(chosen_messages, tokenize=False
example[ "t ted"] = tokenizer.apply_chat_template(rejected_messages, tokenize=False
example[“text_prompt"] = tokenizer.apply_chat_template(prompt_messages, tokenize=False
A 4
raw_datasets = raw_datasets.map(
apply_chat_template,
[)F)() fn_kwargs={"tokenizer": tokenizer}
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from trl import DPOTrainer, DPOConfig
from peft import LoraConfig
#from transformers import TrainingArguments

# path where the Trainer will save its checkpoints and logs

beta=0.01,

do_eval=True,

eval_steps=100,

gradient_accumulation_steps=4,
gradient_checkpointing=True,
gradient_checkpointing_kwargs={"use_reentrant":False},
hub_model_id="zephyr-7b-dpo-qlora",
learning_rate=5.0e-6,

log_level="info",

logging_steps=10,
A p p 1 y C h a t 1r_scheduler_type="cosine",

max_length=1024,

max_prompt_length=512,

't e m p 1 a t e num_train_epochs=1,

optim="paged_adamw_32bit",
output_dir=output_dir, # It is handy to append “hub_model_revision® to keep track of your local experiments
per_device_train_batch_size=4,
per_device_eval_batch_size=8,
save_strategy="steps",
v save_steps=100,
save_total_limit=1,
seed=42, r=128,
warmup_ratio=0.1, lora_alpha=128,
loss_type="sigmoid" lora_dropout=0.05,

D PO ) bias="none",
task_type="CAUSAL_LM",

target_modules=["q_proj", "k_proj", "v_proj", "o_proj", "gate_proj", ‘"up_proj", "down_proj"l,

# based on the recipe: https://github.com/huggingface/alignment-handbook/blob/main/recipes/zephyr-7b-bet
peft_config = LoraConfig(

)

trainer = DPOTrainer(

model,

ref_model=None,

args=training_args,
train_dataset=raw_datasets["train"],
eval_dataset=raw_datasets["test"],
processing_class=tokenizer,
peft_config=peft_config,

output_dir = 'data/zephyr-7b-dpo-lora’
# based on config
L d d t t training_args = DPOConfig|(
Ooa d atase b16=True,




irect Preference Optimization &

from trl import DPOTrainer, DPOConfig

from peft import LoraConfig
D P O #from transformers import TrainingArguments
# path where the Trainer will save its checkpoints and logs

output_dir = 'data/zephyr—7b-dpo-lora’

do_eval=True,

eval_steps=100,

gradient_accumulation_steps=4,
gradient_checkpointing=True,
gradient_checkpointing_kwargs={"use_reentrant":False},
hub_model_id="zephyr-7b-dpo-qlora",
learning_rate=5.0e-6,

log_level="info",

logging_steps=10,

A 1 Ch -t 1r_scheduler_type="cosine",
p p y a max_length=1024,

max_prompt_length=512,

num_train_epochs=1,
t e m p 1 a t e optim="paged_adamw_32bit",
output_dir=output_dir, # It is ha
per_device_train_batch_size=4,
per_device_eval_batch_size=8,

T\ h {7 i
e syt logo | Blog W | 9) Blo oy | 2)

ceedmtz, ) ﬂ-ref(yu} | '/I;) ﬂ-ref(yl | l')

warmup_ratio=0.1,
loss_type="sigmoid"

More on beta and Alignment
losses:

DPO ’

# based on config
training_args = DPOConfig(
bfl6=True,
Load a dataset beta=0.01,

https://huggingface.co/blog/pre
f-tuning



https://huggingface.co/blog/pref-tuning
https://huggingface.co/blog/pref-tuning
https://huggingface.co/blog/pref-tuning
https://huggingface.co/blog/pref-tuning

DPO Training tips -

Beta: test from 06.01 - 1.0

Learning rate: much smaller than for SFT ~100x smaller (5E-7)
Batch size: tradeoff between global batch size and n epochs
Optimizer: Adam appears better than RMSProp

Scheduler: Cosine > Linear

The best SFT model != Best DPO model

LoRA: Appears to regularize the model compared to full fine-tune
53
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AlpacaEval 2.0

MT-Bench v.s. Alpaca-Eval Performance of Various Model

27.18

@ Mistral-7B-Instruct
P LLaMA2-70B-Chat

@ WizardLM-138

GPT-4 Turbo

A Yi-34B-Chat
@ Qwen1.5-72B-Chat

InternLM2-20B-Chat «  Mistral Medium @ o GPT-4-0314

¥ Qwenl.5-14B-Chat
@ Mixtral-8x7b-Instruct-v0.1

Tulu2-708-DPO P

B Claude-2.1 GPT-4-0613 %

¢ GPT-3.5-Turbo-0613
& Qwenl.5-7B-Chat
@ DeepSeek-678-Chat

V¥V Zephyr-7b-beta

8.61

7.0

7.5 8.0 8.5 9.0

MT-Bench

https://gwenlm.github.io/blog/gwen1.5

9.5
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https://qwenlm.github.io/blog/qwen1.5/
https://qwenlm.github.io/blog/qwen1.5/

Evaluating Chatbots -

e OpenlLIM LeaderBoard - Not Chatbot focused, leakage, overfitting

e MT Bench - Usage

e Alpaca Eval - Usage

e LlLamaindex (RAG)

[
c

man Eval - Lmsys Chatbot Arena
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https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard
https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard
https://huggingface.co/spaces/lmsys/mt-bench
https://huggingface.co/spaces/lmsys/mt-bench
https://github.com/lm-sys/FastChat/tree/main/fastchat/llm_judge
https://tatsu-lab.github.io/alpaca_eval/
https://tatsu-lab.github.io/alpaca_eval/
https://github.com/tatsu-lab/alpaca_eval?tab=readme-ov-file#quick-start
https://docs.llamaindex.ai/en/latest/module_guides/models/llms.html#open-source-llms
https://docs.llamaindex.ai/en/latest/module_guides/models/llms.html#open-source-llms
https://huggingface.co/spaces/lmsys/chatbot-arena-leaderboard
https://huggingface.co/spaces/lmsys/chatbot-arena-leaderboard

Definicion del tamano de los LLMs

* El tamafo de un modelo LLM se refiere al numero de parametros que

contiene
* Los parametros son como "perillas e interruptores” que el modelo ajusta

durante el entrenamiento para aprender patrones en los datos
e Mas parametros generalmente conducen a una mejor comprension

contextual y salidas mas complejas
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Categorias de Tamano de Modelos LLM

Modelos Pequenos: Menos de
1 mil millones de parametros.

Modelos de Tamano

Mediano: 1-10 mil millones de
parametros.

Modelos Grandes: 10+ mil
millones de parametros.

e Ejemplos: BERT Base (110M), GPT-2 Small
(117M).

e Ejiemplos: T5, GPT-3 Ada.

e Ejiemplos: GPT-3 (175B), GPT-4.
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cSiempre son Mejores los Modelos Mas Grandes?

* Si bien aumentar el tamano generalmente mejora el rendimiento, existen rendimientos
decrecientes.

GPT-2 Small (117M): Comprension contextual limitada, generacidon de texto simple.
BERT Base (110M): Buenos embeddings de texto, clasificacién, analisis de
sentimiento.

Mistral 7B (7.3B): Alto rendimiento con bajos recursos computacionales.

GPT-3 (175B): Razonamiento fuerte, tareas versatiles.

GPT-4 (>1T estimado): Razonamiento a nivel humano, multimodal, resolucion de
problemas complejos.

Claude 3.5 Sonnet: Alto rendimiento en tareas de codificacién, multilingles y de
razonamiento.

Mejora del
Tamano del Modelo Rendimiento Compromisos
Pequeno a Mediano Significativa Uso de recursos moderado
Mediano a Grande Marginal Alto impacto en computo y costo
Muy Grande (>100B) Minima Requisitos de recursos extremos 58




Ventajas y Desventajas: Modelos Pequenos vs. Grandes

Modelos Pequenos: Modelos Grandes:

Ventajas: Ventajas:

Inferencia mas rapida y menor latencia. Mejor comprensidon de matices en el lenguaje
Mas rentables y energeticamente eficientes. (idiomas, metaforas).

Mas faciles de escalar. Manejan ventanas de contexto mas grandes.
Implementables en dispositivos con recursos Mejor razonamiento y generalizacion.
limitados. Mejores en tareas de "zero-shot".

Adecuados para tareas simples como Excelentes para tareas de propdsito general como
clasificacidon de texto, analisis de sentimiento en generacion de |IA, traduccion.

textos cortos. Desventajas:

Buenos para reconocimiento automatico del Mayor costo computacional.

habla. Mayor impacto ambiental.

Desventajas: Requieren infraestructura especializada
Comprensién contextual limitada. (GPUs/TPUs).

Pueden "olvidar" puntos clave en textos largos. Inferencia mas lentay mayor latencia

Razonamiento generalmente mas débil.
Menos versatiles para tareas complejas. 59



El Punto Medio: Finetuned models

e Combinan la eficiencia de modelos mas pequenos con mejoras de
rendimiento especificas para una tarea

* Se parte de un modelo pre-entrenado (a menudo grande) y se ajusta en un
conjunto de datos mas pequeiio y especifico de un dominio

e Ventajas: Equilibrio entre rendimiento y eficiencia

e Casos de Uso: Analisis de texto especifico de un dominio (legal, médico,
financiero), optimizacion de respuestas de atencion al cliente, analisis de
sentimiento e intencion personalizados
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Eligiendo el Modelo LLM Adecuado

* Tarea: (Es simple o compleja?

* Recursos Disponibles: Presupuesto, hardware, memoria

* Requisitos de Rendimiento: Velocidad, precision, latencia

* Complejidad promedio de las consultas

* Requisitos de latencia

Estrategia recomendada

« Comenzar con un modelo mas pequeno

* Probar surendimiento

* Escalar segun sea necesario

e Considerar el ajuste fino para optimizar el rendimiento en tareas
especificas

61



Eligiendo el Modelo LLM Adecuado

Tamano del Modelo Ventajas

Casos de Uso Comunes

Rapido, rentable,

Clasificacion de texto, analisis de sentimiento (textos
cortos), chatbots basicos, aplicaciones integradas,

Pequenos poca memoria reconocimiento automatico del habla.
(Implicito: muchas tareas generales con eficiencia
Medianos Buen equilibrio razonable)
Razonamiento Generacion de |IA (textos largos, codigo), traduccion
Grandes avanzado, versatil compleja, razonamiento contextual.

Optimizacion
Ajustados especifica

Analisis de texto de dominio especifico, soporte al cliente
automatizado, analisis de sentimiento personalizado.
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