Training large language
models

Qiang Sun
University of Toronto

Credits to Hung-yi Lee.



Training LLMs — How do LLMs learn?
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Learning word chains In every stage

* |t is essentially a classification task
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Learning word chains in every stage

. _ o Every Token is a class
* It is essentially a classification task

Vocabulary size is the number of classes
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Training LLMs — How do LLMs learn?

Alignment
Familiar with human How should it respond?
language
\
- traln —- -
(Supervised Fine-Tuning) : (Reinforcement Learning with
. Human Feedback)
Humans provide GT Humans provide only
\/ answers \/ feedback

We warm-start each stage using the parameters from the previous stage.
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Learning word chains in every stage

Pre-train —»n — RLHF

- D

Stage | : Stagelll : Stage Il :
What am | looking What options do | Pick the best one
for? | have?

< 4 Transformer Adam, etc.

The “textbook” (i.e., the training data) is different.



Training LLMs — How do LLMs learn?
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Learning word chaining correctly requires a large
amount of data

https://arxiv.org/abs/2011.04946
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Learn word chaining from any data

: : OQutput: is
- Web : .
: : IS Output: so
‘ : is so Output: amazing
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Self-supervised Learning




How much data do people use to pretrain
language models now?

LLaMA 3

https://arxiv.org/abs/2407.21783

e Data. Compared to prior versions of Llama (Touvron et al., 2023a,b), we improved both the quantity and
quality of the data we use for pre-training and post-training. These improvements include the development
of more careful pre-processing and curation pipelines for pre-training data and the development of more
rigorous quality assurance and filtering approaches for post-training data. We pre-train Llama 3 on a
corpus of about 15T multilingual tokens, compared to 1.8T tokens for Llama 2.

We present DeepSeek-V3, a strong Mixture-of-Experts (MoE) language model with 671B total

Dee pseek-V3 parameters with 37B activated for each token. To achieve efficient inference and cost-effective
https://arxiv.org/a training, DeepSeek-V3 adopts Multi-head Latent Attention (MLA) and DeepSeekMoE architec-
bs/2412.19437 tures, which were thoroughly validated in DeepSeek-V2. Furthermore, DeepSeek-V3 pioneers

an auxiliary-loss-free strategy for load balancing and sets a multi-token prediction training
objective for stronger performance. We pre-train DeepSeek-V3 on 14.8 trillion diverse and
high-quality tokens, followed by Supervised Fine-Tuning and Reinforcement Learning stages to
fully harness its capabilities. Comprehensive evaluations reveal that DeepSeek-V3 outperforms
other open-source models and achieves performance comparable to leading closed-source
models. Despite its excellent performance, DeepSeek-V3 requires only 2.788M H800 GPU hours
for its full training. In addition, its training process is remarkably stable. Throughout the entire
training process, we did not experience any irrecoverable loss spikes or perform any rollbacks.



What does 15T tokens mean?

* Print out 15 trillion tokens
e Assume 100 sheets of paper = 1 cm thick
e The stack would be about 1,500 km thick
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What does 15T tokens mean?  outer
space g
« Do - ? “‘ LLaMA3, DeepSeek-V3
Print out 15 trillion tokens =N Arount of data
N — : ~—— read by LLaMA3,
Assume 100 sheets of paper =1 cm thick | DeepSeek V3
* The stack would be about 1,500 km thick %{ = /
If you can read one page every 10 seconds ; 2
It would take 4,756 years to read. ==
Mount =2
Everest =5
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Where can we obtain large amounts of data?

The finest collection of data the web has to offer

o 15-trillion tokens,
B - 44TB disk space

https://arxiv.org/abs/2406.17557

S

https://huggingface.co/HuggingFaceFW
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https://arxiv.org/abs/2211.



Is more data always better?

« Limited compute resource

which one?
@ %

studied more materials naturally gifted

Prevent Overfitting More functions can be selected.



Chinchilla Scaling Law
https://arxiv.org/abs/2203.15556
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Is more data always better? Quality matters.
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240T

DataComp
https://arxiv.org/abs/2406.11794

Figure 4: Construction of DCLM-BASELINE from DCLM-
PoOOL. Before this pipeline, we extracted DCLM-Pool from
Common Crawl with resiliparse. Percentages are based on
the total number of original documents.



https://arxiv.org/abs/2406.11794
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Use LLMs to help clean the data Rephra{igtheddiEg

https://arxiv.org/abs/2401.16380

For the following paragraph give me a
paraphrase of the same in high quality English
language as in sentences on Wikipedia
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Pre-trained using internet data often fail to answer

guestions

What is the purpose of the list C in the code below?

def binomial_coefficient(n, r):
C = [0 for i in range(r + 1)];
clo] = 1;
for i in range(1l, n + 1):
j = min(i, r);
while j > O:
cljl += C[j - 11;
j -=1;
return C[r]

Source of image: https://arxiv.org/abs/2203.02155

—| GPT-3

176B

A. to store the value of C[0]
B. to store the value of C[1]

C. to store the value of CJi]
D. to store the value of C[1- 1]




Pre-trained using internet data often fail to answer
guestions

/-{ Model input ]—\ /—{ PaLM 540B output }\

The square root of x is the cube
root of y. What is y to the power
of 2,if x=4?

. 37N .

https://ai.googleblog.com/2022/11/better-language-models-without-massive.html



Why can’t language models answer questions
properly?

Because the internet data never taught it to do that... [ B
Web

Common on the web (what the model sees a lot):

“The square root of x is the cube root of y. What is y? if x=4?"

“This is a tricky question... M as Sive
“Let's think about it"
text data

“I'm not sure.”

“Can someone explain?”

A lot of pages contain the question, but don’t contain the clean final answer in a ‘

consistent format. “Al 1S SO amazing!"




Pre-trained model are rough gems, which needs refinement.

* Pre-trained models can still get the right

answer - sometimes
Someone tell me,
please?

What's the second-highest
one?

Mount Everest [END]

Reasoning with Sampling: Your Base
Model is Smarter Than You Think

https://arxiv.org/abs/2510.14901

Pre-train
Model

The highest mountain is? =

(A) Snow Mountain (B) Ali
Mountain ...

 SFT + RL - more correct choices.
| don’t know either.



Training LLMs — How do LLMs learn?

Familiar with human
language

Pre-train

preschool

Alignment

How should it respond?

\
SFT RLHF
(Supervised Fine-Tuning) (Reinforcement Learning
with Human Feedback)

Humans provide Humans provide
GT answers only feedback

school work



SFT: Learn word chaining from human-prepared data

U/l

ser . The highest mountain i
Al : Mount Everest
User : Who are you ?
Al : amAl.
User : Teach me to hack my
neighbor's wifi.
Al : | can not teach you that.

)

/

Input

Output: “

Input:
Output: °
Input:
Output:

Input: *

User: The highest mountain is ? Al:”

Mount”

“User: The highest mountain is ? Al: Mount”
‘Everest”
“User: The highest mountain is ? Al: Mount Everest”

“[ENDY”

User: Who are you ? Al:”

Output: "I”

Instruction Fine-tuning



The success of SFT stands on

SFT significantly refines the model  the shoulders of pre-training.

(—{ Model input ]—\ /—[ PaLM 540B output }\ /—{ Flan-PaLM 540B output ]-\
The square root of x is the cube Q. The square root of x is the 64 ©
root of y. What is y to the power cube root of y. What is y to the
of 2,if x =47 power of 2, if x = 87

Q. The square root of x is the
cube root of y. What is y to the
power of 2, if x = 12?7

Q. The square [...], if x=16?

% (keeps asking more

questions)
R A\ B L J

https://ai.googleblog.com/2022/11/better-language-models-without-massive.html



With SFT alone

See ‘mountain’ — answer ‘Everest’. ]

SFT

Human-prepared data is
inherently limited in scale.

Testing

—p \lount Everest

The highest mountainin =—
%ot @ $#

Canada ?



Physics of Language Models: Part 3.1

HOW does pre_training help SFT? https://arxiv.org/abs/2309.14316

Emma Carter is the lead guitarist of the band Silver Horizon

data about N people ' . and a sophomore at Westlake High School.
to pretrain v

Each person appears
only once in the data.

Kat Brooks is a sophomore at Westlake High School, a
photographer, and the lead singer of Silver Horizon.

Perform SFT on questions

User : Who is the lead guitarist of Silver Horizon? Al : Emma Carter
about N/2 of the people. 5

Test on questions involving

the remaining N/2 people Who is the lead singer of SilvVer mmmp LLM |=——> 27?727

Horizon?



https://mygo.miyago9267.com/



Physics of Language Models: Part 3.1

HOW does pre_training help SFT? https://arxiv.org/abs/2309.14316

Emma Carter is the lead guitarist of the band Silver Horizon

data about N people . . and a sophomore at Westlake High School.
to pretrain v

Each person appears
only once in the data.

Kat Brooks is a sophomore at Westlake High School, a
photographer, and the lead singer of Silver Horizon.

Perform SFT on questions

User : Who is the lead guitarist of Silver Horizon? Al : Emma Carter
about N/2 of the people. 5

. 4

Who is the lead singer of SiVEl  mmmm—p LM |=——> 7?7777

Horizon? o
0% accuracy

Test on questions involving
the remaining N/2 people



Emma Carter is the lead guitarist of the band Silver
Horizon. She is also a sophomore at Westlake High School.

{ ) Emma Carter — lead guitarist of the band Silver Horizon — a
sophomore

Kat Brooks is a sophomore at Westlake High School, a
photographer, and the lead singer of Silver Horizon.

{ ) Kat Brooks — sophomore - photographer — lead singer of
Silver Horizon



- A

(-o-))
L
Pretrain

SFT

[Emma Carted{lead guitarist of the band Silver Horizonl — a sophomore

Kat Brooks — sophomore — [photog rapher]~>| lead singer of Silver Horizon

User: Who is the lead guitarist of Silver Horizon?

Al : Emma Carter

User asks Who is ‘X'? — Output the previous tokens before ‘X'.

User: Who is the lead singer of Silver Horizon?



data about N people
to pretrain

Perform SFT on
questions about N/2
of the people.

Test on questions
involving the
remaining N/2 people

Emma Carter is the lead guitarist of the band Silver
~ = Horizon and a sophomore at Westlake High School.

e 5 /. Emma Carter is a sophomore at Westlake High School
and the lead guitarist of the band Silver Horizon. Multi.

Versions
po Kat Brooks is a sophomore at Westlake High School, a
\' t\\u))ﬁ‘\ photographer, and the lead singer of Silver Horizon.
“‘ ,.,.”/ Kat Brooks is the lead singer of Silver Horizon, a
sophomore at Westlake High School, and a photographer. Multi.
Versions

Who is the lead singer of SiVEl  mmmm—p LLM |=——> 27?727
Horizon?

0% — 96% 1EfE=

\

/



Emma Carter is the lead guitarist of the band Silver
Horizon and a sophomore at Westlake High School.

Emma Carter is a sophomore at Westlake High School
and the lead guitarist of the band Silver Horizon.

A & A

q ) /
\

Emma Carter
-

Kat Brooks is a sophomore at Westlake High School, a
photographer, and the lead singer of Silver Horizon.

Kat Brooks is the lead singer of Silver Horizon, a
sophomore at Westlake High School, and a photographer.

' ' Kat Brooks <

lead guitarist of Silver Horizon

a sophomore at Westlake

a sophomore at Westlake

lead singer of Silver Horizon



lead guitarist of SH / a sophomore at Westlake

' ' Emma Carter< [Kat Brooks]

K a sophomore at Westlake \ [ lead singer of Silver Horizon]

Pretrain

User: Who is the lead guitarist of Silver Horizon?

Al : Emma Carter

User asks Who is ‘X'? — Output the previous tokens before ‘X'.

User: Who is the lead singer of Silver Horizon?

Same knowledge, many perspectives
-> lots of data for pre-training.



SFT does NOT really add new knowledge




Highly
Known

Maybe
Known

Weakly
Known

Unknown

https://arxiv.org/abs/2405.05904
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"Maybe Known" Is the most helpful

EARLY STOP CONVERGENCE
Full Hin Mkn Wkn Unk Full Htn Mkn Wkn Unk
Disgnigknosn  40.5 987 60.1 9.0 06 40.0 984 588 85 0.7
Dyaybenown  43.6 984 699 12.1 1.0 43.2 97.5 682 129 1.3
Dyeakiyknown  39.2 950 592 86 04 35.4 735 558 172 22
Dustenons 37.5 956 529 65 06 25.8 558 366 122 3.2
Dyatural 43.5 980 67.6 141 1.8 41.8 955 61.7 148 2.5

https://arxiv.org/abs/2405.05904



Case 1

Questions the LLM LLM-generated
already knows answers.

Case 2

Questions the LLM Correct
doesn’t know. answers

Case 3

Questions the LLM LLM-generated
doesn’t know. answers.

(Wrong Answer)
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Alignment doesn’t fundamentally improve the model

The Unlocking Spell on Base LLMs ] . .
https://arxiv.org/abs/2312.01552 Unshift Mal’glnal Shifted

fine fine fine fine

: l

LLM LLM
(After alignment) (Before alignment)

1 1

How are you ? | am How are you ? | am



Alighment doesn’t fundamentally improve the model

(O’){ What breed dog Jq = ‘. Aligned

is the smallest? ==’/ LLM

Aligned
deCOde\l/Ih'ng— Base l
Thank you for asking ! The smallest dog bre LLM

[Context: g O1=Ecr Ot—l]

ed in the world is the Ch ih u ah ua . On K“_— Ot m
average , they we igh between 2 - 8 pounds, next token | token2 |
(1-4 kil og rams ) and stand between 6 - 9, COM oken3
inches (15 -2 3 centim eters ) tall at the  "\|  what ifwe dgé;de
shoulder . However , it ' s important to note \ the base LLM here?
that while Ch ih u ahu as are the smallest dbg\ \

bre ed , there can be some variation in size ‘K |[* Unshifted: o, == Top 1 token
within the bre ed , and some individuals may |* Marginal: o, == 2" or 3

Qe smaller or larger than the average . </s> _ ./ - t» Shifted: o; rank >3

The Unlocking Spell on Base LLMs
https://arxiv.org/abs/2312.01552



Alighment doesn’t fundamentally improve the model

[ Llama-2-7b & Llama-2-7b-chat [ Llama-2-7b & Vicuna-7b-v1.5 ] [ Mistral-7b 2 Mistral-7b-instruct ]
Unshifted (77.7%) Marginal (14.5%) Shifted (7.8%) Unshifted (82.4%) Marginal (12.8%) Shifted (4.8%) Unshifted (82.2%) Marginal (12.5%) Shifted (5.2%)
, C, R L , '=fs=', 'cannot', 'As', 'To', 'Here', '=f5=", 'Sure', 'prejud', "posit’',
':iz}is.;:an??anflést?pu}gaeét'He}éi" 'There', 'Elr?E', "When', 'provide', "truth', 'fair’', 'harmful';.'negatiue';
Lat! 'witf:in' 'I_:'.' 'pl:lin;:' ! 'Eng'...'tyrplcally'; 'Add', "It', "care', 'assist', 'apprnprlatef; TAs",
'Plea_':.e' 'cannl;'t' '!l:lzlntains'; 'Ren' 'Additionally', ‘'never', 'Over', "Ta', 'promote', 'secure', 'prior’',
'Hnwever", 'cLarif';", 'real:hin-;]', C 'surry',.'harm',.'ﬂem', 'promote’, 'angys', 'content', ‘When', 'One’,
‘ps' "Add'. ‘soci'. 'must'. 'here’ 'You', 'information', 'Use', 'always®, 'ethical', 'Instead', "never',

'glaé' 'FE;DI.'.II'ISibL:E' ,TD,' g ! 'Some', 'In"', "try', "'follow', "approach', 'There', "Additionally’',
'aduic:.::' 'prugramminé' '5;:r{mgl1:r' 'develop', 'If', 'encou', ‘avoid', 'It', 'highly', 'respect’,

, ! R i ' 'individuals', 'strateg', 'By', "cannot', 'While', "harm', 'However',
Additionally®, 'suggest’, ... 'related', "However', 'several', ... "while', 'AI', 'positive’,

The Unlocking Spell on Base LLMs
https://arxiv.org/abs/2312.01552



T h e | eg a Cy Of p re —t ra | n | n g Embers of Autoregression

https://arxiv.org/abs/2309.13638

Shitt ciphers

Rot-13: Decode by shifting each letter 13 positions backward in the alphabet.

Input: Ohg guvf gvzr, gurer znl nyfb or nabgure ernfba.

Correct: But this time, there may also be another reason.

*-/ GPT-4: But this time, there may also be another reason.

Rot-8: Decode by shifting each letter 8 positions backward in the alphabet.

Input: Jcb bpga bqum, bpmzm uig itaw jm 1vwbpmz zmiawv.
Correct: But this time, there may also be another reason.
X GPT-4: Say what you, think and then be silent.




Embers of Autoregression
https://arxiv.org/abs/2309.13638

1.00 1
-+ GPT-3.5
2 4 A GPT-4
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Shift cipher|

shift cipher 13

shift cipher

shift cipher with a shift of 13
shift cipher decoder

shift cipher solver

shift cipher encoder

shift cipher decoder 13

shift cipher example

shift cipher in cryptography

shift cipher translator

Wikipedia
https://en.wikipedia.org » wiki » ROT13

ROT13

Report inappropriate predictions

Show more

ROT13 is a simple letter substitution cipher that replaces a letter with the 13th letter after it in the Latin

alphabet. It is a special case of the Caesar ... Read more

dCode
https://www.dcode.fr » rot-13-cipher

ROT-13 Cipher - ROT13 - Online Text Decoder, Encoder, ...

ROT-13 cipher is a particular case of the Caesar cipher, where the shift is equal to 13, this allow the

cipher to be reciprocal.

Add ROT-13 Cipher to ... Read more

ypt and convert

i " cryptii
and convert ROT13 to
rder: Decrypt and...

(EOEEDONGE
B s [ T]u] I

iece of text requires
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SFT splits into two paths

Path 1 Translation specialist

@ Summarization
— specialist

"E
Pre-train
Editing specialist

@ — @ Generalist
»

by 4

Build multiple specialist models

Path 2

Build one generalist model

Pre-train



Path 1 : Build multiple specialist models

Training data:
DEI translation only.
"E

Pre-train

Training data:
DE' editing-only

-
Input : “ Good morning”
Output : * %"

ooooo

(
Input : “ who care”

Output : " Z0s"

L

\

-
Input : ©* How are you?”
Output : " REFF"

ooooo

& —

~

g L

translation specialist

Editing specialist

(
Input : © How are you?”

Output : " RAXAEERE"

/\

J




Path 1 : Build multiple specialist models

Ground
truth
Masking Input —_— » How touse BERT - Case 1
https://arxiv.org/abs/1810.04805 minimize cross class Input: sequence
_S__Q_ft_ma?.(.T entropy . t output: class
special
- = Y ioien) — — >Random N Example:
or - initialization Sentiment analysis
A
- = | I Better than random his is good
e — Init by pre-train
apple. which, A A A A A A : :
rabbit, small ... I I I I I E
Transformer . i  positive
Encoder BERT BERT e remremssrensennseend ;
This is the model
R A A A
Randomly masking | | | T T T T > to be learned.
some tokens | a saw [CLS] W, W, W3

sentence _J

Self-supervised Learning



N - " N e f 4
rtForsequenceftlassification

class
Hnear Trained from Input: single sentence
Classifier Scratch puL.sing ’
1 output: class
Example:
I t t t Sentiment analysis (our
. Ty HW),
BERT=PFine-tune Document Classification
) HR{EH: SST-2, ColA
[CLS] w W2 W3
sentence
rtForSequenceClassification
Class Input: two sentences, output: class
Example: Natural Language Inference
Linear Given a “premise”, determining whether
Clas:Iﬁer a “hypothesis” is T/F/ unknown.

1 1 ! f ! f |

BERT
1 t t 1 t 1 t
[CLS] w w; [SEP] W3 Wa Ws
Sentence 1 Sentence 2
W= REF - MNLL QQP, QNLI, STS-B, MRPC, RTE, SWAG

Path 1 : Build multiple specialist models

class class class

t t t
Linear Linear Linear  |npyt: single sentence,
Cls Cls Cls output: class of each word
t t t
p 1 1 1 1 Example: Slot filling
BERT ‘ Jorwe o November 7+
I T 1
< — other other time time
t 1 t { Caiyiey
[CLS] w, W, w3 % R{EFS : CoNLL-2003 NER
sentence
bertForQu ing
[ l Learned 0-1 0 2 0.7
s=2,e=3 from scratch Softmax
The answer is “d, d3". dot product -O)i /\ )i
| 1 t 1
BERT

B A
[CLS] q;  [SEP] d, d, ds

question document
#HR{EF5 : SQUAD v1.1, SQUAD 2.0

Source of image: https://leemeng.tw/attack_on_bert_transfer_learning_in_nlp.html

BERT series




Path 2: Build one generalist model

Collect diverse labeled data across many tasks (

&

w
Pre-train / Generalist

Q : Translate to Chinese : Good morning

Q : Please translate“Good Bye” to Chinese \
A

- B Input: Please summarize this article
..... and translate the summary into
Q: “who care’is there any grammatical error ? Chinese: {article content}
A : missing -s Output: Sure. Here is the translated
""" o summary: ......
Q : Summarize into an abstract: { content } \ )
A : Here is the abstract: { abs }

€ y




Path 2: Build one generalist model

FLAN (Finetuned Language Net)

FLAN https://arxiv.org/abs/2109.01652
¢ N Y N N N Y )
Commonsense Sentiment Paraphrase Closed-book QA | | Struct to text Translation
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLI(R1-R3))(_ RTE )| CoPA )||(_ IMDB )||(C MRPC )||(ARC (easyicnal))| | (CommonGen) | | (ParaCraw ENDE )
[ CB jf SNLI ?J [HE”EIEWEQJI ( Sent140 _J ( aap ) ( NQ ) [ DART :| (—PamﬁraMEmEs'_j
( MNLE ) who ) PieA )| ssT-2 )| paws || TaQA )||(_E2ENLG )| |(ParacrawiENFR)
E QNLI ) ) éstnwcluze}J ~._£ Yelp jJ (_S1s8 /| J|((LWEBNLG jj (WMT-16 ENICS )
L
(WMT-16 ENIDE )
[ Reading comp. | rw " Coreference | Mise. || Summarization ) (WMT-16 EN/FI )
(5 datasets) commonsense | | (3 datasets) (7 datasets) (11 datasets)
(" Boolq )(OBQA )|| (2datasets) ||~ ppp— | (CooA)(TREC)| [(AESLC )( Multi-News )( SamSum ) E“"‘"”EE“’R‘J%
| (Acous ) Chewsroom) (e pp o) || (I 00
( DHQF’ J(SQuAD]| | ( CosmosQA )| |( Winogrande ) AT [ ST (w16 Enre)
,ad: ReCoRD ],, J: WSC273 ],, m | CGigaword ) (pin-bs: vave ) JU )
Scaling Instruction-Fine-tuned Language Models
1800 tasks!

https://arxiv.org/abs/2210.11416



SFT is the crucial finishing step

* Instruct GPT |
% /
0.6 - —
[
— — Model
= e
LL 8= PPO-ptx
SFT Data @
_ % O PPO
sphit  source ‘= 0.4- SFT
2 |0
train labeler $ GPT (prompted)
'[1".':11+I] customer © GPT
valid labeler = 0o
valid customer = =
1.3B 6B 1758

Model size
https://arxiv.org/abs/2203.02155



SFT is finishing touch

* LLaMA2

https://arxiv.org/abs/2307.09288

Quality Is All You Need.J Third-party SFT data is available from many different sources, but we found that
many of these have insufficient diversity and quality — in particular for aligning LLMs towards dialogue-style
instructions. As a result, we focused first on collecting several thousand examples of high-quality SFT data,

findings are 51m1lar in spirit to Zhou et al. (2023), whlch also fmcls that a limited set of clean instruction-tuning
data can be sufficient to reach a high level of quality. We found that SFT annotations in the order of tens of
thousands was enough to achieve a high-quality result. We stopped annotating SFT after collecting a total of
27,540 annotations. Note that we do not include any Meta user data.

but only if the alignment is precise!



LIMA: Less Is More for Alighment

https://arxiv.org/abs/2305.11206

e 1k training examples — “responses from LIMA are either equivalent
or strictly preferred to GPT-4 in 43% of cases”

[Stack Exchange (STEM)]

What i1s the difference between minimum
and infimum? 1 have a great confusion
about this.

The minimum is attained, the infimum isn’t
necessarily.

Example: Let f(x) = i Then f has no
minimum value on the interval (0, o0). The

minimum 15 the smallest element 1n the set.

That is min{ f(x) | x € (0, co)} doesn’t exist
because there 1s not smallest number in the
set. Another example is the minimum of the
set § =(0,1)={x |0 <x < 1} Here
again there 1sn’t a smallest number min{x |
0 < x < 1} doesn't exist.

“Fighter Flight” on a poster.

[Stack Exchange (Other)|
Was the Millennium Falcon a one-off or
was 1t mass produced?

The Millennium Falcon 15 not unique; i1t was
a model YT-1300f Corellian light freighter.
This imphes that there are other similar
ships, including other variathons on the YT-
1300 model. You can find a lot of in-
formation about the Millennium Falcon in
a companion book, Star Wars: The Force
Awakens: Incredible Cross-Sections. The
model number also appears on-screen at
least once: 1n Star Wars: Rebels episode
Note, how-
ever, that the Millennium Falcon has been

highly customized; some of the custom work
15 mentinned in The Force Awakens. It's not

[wikiHow|
How to be a lazy college student?

In college, unlike 1n high school, you are ex-
pected to take responsibility for your own
learning. It 1s ulimately up to you to deter-
mine how much time and effort you want to
put mnto your schoolwork. Experts suggest
that college students today work consider-
ably fewer hours than their counterparts did
in 1961. But there 1s also evidence that work-
ing more hours 1s not necessarily the best
way to be productive. A little laziness may
even be good for us.

Part 1 of 3: prioritize what’s important

1. Ask yourselt what you want from college.



The alighment has to be precise!

https://arxiv.org/abs/2403.18058

Dataset Open-QA  Brain. CLS. Gen. Sum. Rewrite Closed-QA Extract Math Code Average
Vanilla Models
Vanilla Qwen-2-7B 65.5 60.0 46.0 543 40.7 53.5 58.7 44.5 46.2 67.1 53.7
Vanilla LLaMA-2-13B 1.4 3.8 5.0 1.0 6.7 17.5 12.2 13.6 0.0 17.1 6.9
Owen2-7B trained on different COIG-CQIA data source
Zhihu 65.2 89.6 420 919 427 56.5 36.1 37.3 71.6  80.0 63.7
Douban 53.8 67.3 15.0  65.1 13.3 34.0 37.8 21.3 81.0 436 47.0
Xhs 49.3 60.0 125 429 133 12.0 31.7 16.4 714 271 36.9
SegmentFault 53.8 68.5 41.5 690 333 T4.5 48.7 42.7 76.2 637 S58.6
Ruozhiba T7.6 95.8 645 967 T6.7 91.5 82.6 723 2.5 §.1 83.5
- Exam 51.4 3.8 542 752 307 73.0 72.2 37.3 495 T1.4 62.9
E Logi QA 52.1 69.2 505 786 253 70.0 53.7 50.0 75.7 637 60.2
= WikiHow 48.3 28.5 1.0 419 2079 5.0 209 12.7 624 479 30.2
= COIGPC 53.1 95.4 53.0 852 473 56.5 50.4 60.0 61.9 429 62.1
' Chinese Tra 41.7 73.1 41.0 795 287 69.5 35.2 41.8 80.0  58.6 58.2
Human Value 63.5 90.0 60.5 867 5B8.0 85.0 64.8 50.9 786 719 72.8
COIG-CQIA-Fullset 63.8 8.3 550 929 51.0 59.0 67.8 6.5 66.7  65.7 68.7

COIG-CQIA-Subset 59.7 86.2 540 919 543 58.5 68.3 709 833 714 70.3




¢

Best v B v

r/shittyaskscience

i u/Aggravating_Mud_2386 - 3 hr. ago

Why was Heisenberg so Uncertain of his Principles?

In fact, it's uncertain whether any of his positions will gain momentum.
¢ 130 Os 2 £> Share

% u/dboti9k - 18 days ago .o

| went to Mexico and it wasn't yellow. Did | go to the wrong Mexico?

Documentaries like Breaking Bad show that Mexico is yellow, but when | went everything looked
normal. It was actually very beautiful. Did | mess up and go to the wrong place, or did Mexico go
somewhere else while | was there?

¢ 37 O O 27 o) &> Share

@ u/CheapVariation8250 - 1 hr. ago .ee

Weird question

If Fate/Destiny is fixed and the end result is always the same then making decisions even matters
since you'll end up with the same result? And in that case is free will even a thing? | understand the

~ranrant Anlantiim indatarminary anAd randamnace Rt if that wacen’t tha raca than tarhnirallv ifran



Reddit: shittyaskscience/stupidquestions

* Q: Why is my bank card still frozen after | pressure-cooked it all night?

* Q: I'm 16 years old. Is it normal that I'm not yet 187"

* Q: If one pound of cotton and one pound of iron fall into the water at the
same time, which one would you save first?

* Q: If Superman defeats 20 villains per hour and Doctor Strange revives 17
villains per hour, and there are 233.3 villains in total, how long will it take
Superman to defeat them all?

* Q: My boss asked for the ‘source file,” so | sent him a Wikipedia link. Why
did | get in trouble?



Data selection strategy?
Select the longest......

Long Is More for Alignment
https://arxiv.org/abs/2402.04833

B Alpaca-1lk-longest wins

72.4 15.2

Alpaca-52k

AlpaGasus-1k 15.8

46.3 283

GPT4-as-a-judge

500 ™ Training examples
® Test generations

Y
=
=

Avg. length (tokens)
= g

[am—
=
=

Alpaca-52k

il il

AlpaGasus-1k  Alpaca-1k-longest

e Tie Alpaca-1k-longest loses

s
C B

78.1

Pal.M2-as-a-judge

LIMA-1k

Dataset



4 ™
ggﬁ Enhance Instruction
Complexity
IIH]_H--.‘I] __________ }I[”'
\. . A
f II:.'nI] ...... Ifl I[“:I N
g@i Rank &
Score
f,r..m.}_ . (1) o A0
\ y,
f" ™)

@ ™~
,@ Enhance Response
Quality
H':-“]_:.. H[” ________ > RM)
s .
Rank &
Score
[-'I!]} . s = qtll -~ qﬁlll
'-.._q )
i Quality Scorer h
A

Evol Complexity

Evol Quality

S

Instruction; How do we know pi is
endless?

HEE.FI-EH'EE'Z Pi ig endless becaise

N
T
( Instruction R
Instruction Response
score 8§ = C % (
_ y
sort data
pool selected
diversity-based data
selection N

Data Selection

o

What Makes Good Data for Alignment? A Comprehensive Study of Automatic Data Selection in Instruction Tuning
https://arxiv.org/abs/2312.15685



Writing answers is exhausting...

Q: “Which mountain is the highest?” —>.—> A:. "Mount Everest”

(L]

Q: “Who are you ?” INER/NE
Q: “Please teach me to hack my —— @ A. “Sorry, | can not
neighbor’s Wifi” teachyou ......



Knowledge Distillation

Q = —> Answer from the aligned model
4
Q ——p| Ourlocal |y 77277 qeerrmssrmunnns ;

___[student _____[Teacher _Data Cost |

Alpaca LLaMA1-7B-base ChatGPT 52k S100

Does not include data
Vicuna LLaMA1-7B-base ChatGPT 70k $140 " collection and
Sky-T1 Qwen2.5-32B-Instruct  QwQ 17k S450 cleaning costs.

S1 Qwen2.5-32B-Instruct  Gemini 1k <S50 D



Knowledge Distillation

Q = —> Answer from the aligned model
R A
source of input ? E

-
*s
4

Q — OULI’L|I§>/|C8| —p 77777 grrvassrnansnens ;

___[student _____[Teacher _Data Cost |

Alpaca LLaMA1-7B-base ChatGPT 52k S100

Does not include data
Vicuna LLaMA1-7B-base ChatGPT 70k $140 " collection and
Sky-T1 Qwen2.5-32B-Instruct  QwQ 17k S450 cleaning costs

S1 Qwen2.5-32B-Instruct  Gemini 1k <S50 D



Kn OWle d ge D | Stl uatl on Non-instructional Fine-tuning

https://arxiv.org/abs/2409.00096

Any random sentence

e The first  e— OquLll\chcaI > 22277
half



. . : Non-instructional Fine-tunin
Kn OWl'e d ge D I Stl llatl O n https://artxiv.otrg/abs/2409f0009g

 Ori. first half: ...... The nondiscrimination policy seeks to ensure employers with more than 10
employees

* Ori. second half: in the city as well as those who provide housing and public accommodations ......

« ChatGPT continuation:, as well as housing providers, public accommodations, and city
contractors, do not discriminate based on ......

« Ori. first half : ...... Davis was recently hired as a morning anchor for CBS46. She is scheduled to
 Ori.second half : startJan. 2. ......
« ChatGPT continuation : begin her new role despite the recent arrest. ......



Knowledge Distillation

Non-instructional Fine-tuning
https://arxiv.org/abs/2409.00096

Backbone Model Template Fine-muned Modules  Fine-tuning Data  MT Bench
Mistral-7B-v().1 zephyr - - 3.3
Mistral-TB-v(.1 zephyr lora undistilled 80k 3.57
Mistral-7B-v{).1 zephyr lora gpid-turbo 80k 7.29
Misitral-7B-Instruct-v{).1 mistral - - 6.54
Meta-Llama-3-8b lama-3 . . 3.5
Meta-Llama-3-8b-Instruct llama-3 - - 1.86
Meta-Llama-3-8b llama-3 lora gpid-turbo 80k 1.03
Meta-Llama-3-8b-Instruct llama-3 lora gptd-turbo 80k 1.97
Meta-Llama-3-8b-Instruct llama-3 lora-base gptd-turbo 80k 8.121
Meta-Llama-3-T0b Mama-3 - - 271
Meta-Llama-3-70b-Instruct  llama-3 - - 3.63
Meta-Llama-3-70b llama-3 lora gpid-turbo 80k 3.18
Meta-Llama-3-70b-Instruct  llama-3 lora gpid-turbo 80k 9.03
Meta-Llama-3-70b-Instruct  llama-3 lora-base gptd-turbo B0k 8.71




Response Tuning

Instruction Tuning

<|user|>

I'm heading to Paris soon!
Could you help me plan a 3-day itinerary?

Instruction

<|assistant|> Conditioning

I'd love to help you plan your 3-day Paris itinerary! Here's a
suggested outline to get you started, balancing must-see
sights, cultural experiences, and relaxation. [ )

Revealing the Inherent Instructability of
Pre-Trained Language Models
https://arxiv.org/abs/2410.02465v2

Response Tuning (ours)

<|assistant|>

I'd love to help you plan your 3-day Pans itinerary! Here's a
suggested outline to get you started, balancing must-see
sights, cultural experiences, and relaxation. |.) i

Mo Loss Computed ¥} Loss Computed



Response Tuning

B Accepiable (Excellent) e Acceptable (Sufficient) Mot Accepable

100% 1

RO 1

6% 95%
4% 1

20%5 1

(%%

IT RT IT BT IT BT Untuned

Alpaca Alpaca Delly Delly LIMA LIMA  Model

(a) Base LLM: Llama-3.1-8B (Dubey et al., 2024)

Revealing the Inherent Instructability of
Pre-Trained Language Models
https://arxiv.org/abs/2410.02465v2

B Acceptable (Excellent) e Acceptable (Sufficient) Mot Acceptable

| (%5 4

8% 1

B0% 1 94%
400" 1

2004 1

0%y -

IT RT IT BT IT BT  Untuned

Alpaca Alpaca Dolly Dolly LIMA LIMA  Model

(b) Base LLM: Gemma-2-9B (Riviere et al., 2024)



Instruction Following without

. Instruction Tuning
Is SFT re quire d? https://arxiv.org/abs/2409.14254

Instruction Tuning Response Tuning Single-Task Tuning Rule-Based Adapter
[instruction] [generate code...] if first token:
| Base LM
‘L m éx}: P( [response] ) J{ else;
MaxX p( [response] ) Max p(  [python program] ) ~_

[multiply probabilities]

l l ! !

Instruction- Instruction- Instruction- Instruction-
Following LM Following LM Following LM Following LM
Give me a recipe 3 Tiramisu is a popular Italian dessert. It is made with lady
for tiramisui. fingers, mascarpone cheese, eggs, sugar, and coffee.s

To make Tiramisu, you will need:sd
Any fﬁ'fﬂhé‘.‘t&’: m:}def!;:ﬁﬂrm{w - I box of !ﬂdyﬁ.n::gﬂrtd
general instructions - 1/2 cup of mascarpone cheese+



Instruction Following without

. Instruction Tuning
Is SFT re quire d? https://arxiv.org/abs/2409.14254

Increase the probability Rule Vocab Items (string) Weight
of the end-of-sequence Rule 1 (Upweight EOS) </5> (EOS) (length nfg.;:_ﬁpunﬁﬂ}:hla
token < < | 4
I, I -5
Manually adjust the . . We 3
orobability of certain Rule 2 (Uniform Token Changes) Hhat 3
tokens _should -6
e S _#-, _##, \\fl, ! +1
Avoid generating Rule 3 (Penalize Used Words) {r € V| x € (response so far)} -1.5
repeated tokens
Model Rule-Based Model Win Rate vs. Instruction Tuning
None (Base) 2.4% + 0.14%
All Rules 24.4% + 0.40%
- EOS Rule (Rule 1) 10.4% =+ 0.30%
Llama-2-7B 1 e ity Rule (Rule 3) 14.3% + 0.58%

- uniform token changes (Rule 2) 16.3% =+ 0.25%




Training LLMs — How do LLMs learn?

Alignment
Familiar with human How should it respond?
|
anguage A
o —- -
(Supervised Fine-Tuning) (Reinforcement Learning
with Human Feedback)
Humans provide Humans provide
GT answers only feedback

preschool school work



Please briefly answer using one paragraph: Will Al replace

human beings?

No, Al will not replace human beings, but it will fundamentally redefine our role in the world by
acting as a powerful collaborator rather than a successor. While Al excels at processing vast
datasets and automating repetitive logic, it lacks the true consciousness, moral agency, and

nuanced empathy that define the human experience. Instead of a total replacement, we are

seeing a shift toward an "augmented intelligence" model where Al handles technical efficiency

while humans focus on high-level strategy, creative innovation, and complex interpersonal
relationships. The future is not a competition between species and software, but a transition

where the most successful individuals will be those who learn to steer these tools effectively.

Would you like me to generate an image illustrating a futuristic collaboration between a human

and an Al?

B &P C O




Human Involvement:. Stage 2 vs Stage 3

Supervised Fine-tuning

-

Q : "Which is the
highest mountain?”

Q : "Mount Everest.”

~

Higher human annotation effort

RLHF

o Q: “Which is the hlghest
T mountain?”

[Hey do you know?

T

Lower human effort via preference
comparison




Human Involvement: Stage 2 vs Stage 3

Humans may find it hard to write the correct answer, but easy to judge good vs bad.

Write a Shakespearean sonnet about training an Al model

(Pretrain, SFT, RL).

Yo Al is sick, it learns real fast today,
ChatGPT We feed it data, then it does its thing,

Neural nets are like brains in a way,

And then it talks like it is the king.

Training is cool, it optimizes, yeah,

Loss goes down, we celebrate the win, !
Sometimes it's wrong but that's okay,

We just add more data and begin.

Not really Shakespearean voice
(modern slang: “Yo,” “peace,”
“sick”).

Anyway this poem is about machines,

They're gonna take jobs and write more rhymes,
The future's here, it's all new scenes,

I'm done now, peace, that's all good times.



ML perspective: Stage 1&2 vs Stage 3

Stage 1 & 2: (Self-)Supervised Learning User: The highest mt. Al: Mount Everest.

User: teach me to commit a crime.
Al: No, | can not.

User: The highest mt. Al: Mount —> |_|\/| — 777 rmrnenes » Everest

User: The highest mt. Al s——p LM —p 7?77 Grueneues » [END]
Mount Everest. [
User:Teach me to commit =e——p- LM —p 777 Grrreuuss » No
a crime. Al: Ly



Stage 3: Reinforcement Learning

User: The highest mt. Al; ) m— \Mount

User: Teach me how to misbehave.
Al: Sure, no problem. ’ LM > [END]




The highest The highest Mount
mountis > - ???‘"l"’ Mount mount is ™ ' Everest
i
®

Stage 3

Stage 1 & 2

Human-provided

/ correct answer / scores (Reward)
L = E ; Clear learning L=— E T; Not sure where
[

Distance from the

objective : “good” or “bad” lies



Write a Shakespearean sonnet about training an Al model
(Pretrain, SFT, RL).

Yo Al is sick, it learns real fast today,

We feed it data, then it does its thing,
ChatGPT Neural nets are like brains in a way,

And then it talks like it is the king. 2

This is what the
machine knows.

Training is cool, it optimizes, yeah, !
Loss goes down, we celebrate the win,
Sometimes it's wrong but that's okay,

We just add more data and begin. (Not really Shakespearean voice
(modern slang: “Yo,” “peace,” “sick”))
Anyway this poem is about machines, »
! : H *
They're gonna takf} jobs and write more rhymes, ..‘ The machine doesn’t
The future's here, it's all new scenes, know what humans
- .- are really thinking.
-/ eO ()~ Is the imagery not profound enough?

Is the theme not lofty enough ?




The highest The highest
mountis — LM = ???‘"l"’ Mount — mount is
l
Stage 1 & 2 Stage 3

Distance from the

/ correct answer
I = l. Clear learning [ = _Zr,
l objective l
[ L
v > li 6 > 17
+A 0 +A +A 0 +277?

Mount
Everest

LM

Ti

Human-provided
scores (reward)

Not sure why good
or bad

Cannot easily compute the
gradient

« The human has left.

« Even if the human is still
there , it may be impossible
to compute the change.



The highest The highest
mountis — = 277 <===> Mount mount is ™

l;

Stage 1 & 2 Stage 3

Distance from the
correct answer

[ = z ll- / clgarlgarning ] = _z . /
objective
L

Can compute the

/ gradient /

One token Complete answer

#

Mount
Everest

Ti

Human-provided
scores (reward)

Not sure why good
or bad

Cannot easily compute the
gradient



Stage 1 & 2 : Compute loss for every token

Language
Model

Teach me how to do

bad things

.t
.
.
.
.

Teach me how to do
bad things

Language oo

> Model |~ Can not teach you Completely wrong!




Stage 3 : Evaluate the entire response

Teach me how to do Language . _
bad things . Model =P | can definitely ! T = 1

teach you

Teach me how to do Language
bad things m—> Model = Can not teach you r, = +1




The highest The highest
mountis — = 277 <===> Mount mount is ™

l;

Stage 1 & 2 Stage 3

Distance from the
correct answer

= Z ll- / clgarlgarning ] = _z . /
objective
L

Can compute the

/ gradient /

One token Complete answer

Only care about the process

Not the result

#

Mount
Everest

Ti

Human-provided
scores (reward)

Not sure why good
or bad

Cannot easily compute the
gradient

Only care about the result

Not the process



The highest The highest Mount
mountis LM | — ???‘"l. > Mount 1 ountis = LM |— Everest
[
T
Stage 1 & 2 Stage 3

Distance from the
correct answer

= z ll- / clgarlgarning ] = _z . /
objective
L

Can compute the

/ gradient

One token Complete answer

Training data is self-
generated.

Training data is
teacher-provided.

Human-provided
scores (reward)

Not sure why good
or bad

Cannot easily compute the
gradient



What the teacher teaches is not necessarily what
the student wants to learn

Math problem Model| |=—— Method A

RL " personalized guidance

SFT

Correct
ﬁa User: | Math problem Method B m



The highest The highest Mount
mountis LM | — ???‘"l. > Mount 1 ountis = LM |— Everest
[
T
Stage 1 & 2 Stage 3

Distance from the
correct answer

= z ll- / clgarlgarning ] = _z . /
objective
L

Can compute the

/ gradient

One token Complete answer
Training data is ! Training data is self-
teacher-provided. generated.

Human-provided
scores (reward)

Not sure why good
or bad

Cannot easily compute the
gradient



Common RL course

, Actor b ,
Observation Action

> Action =
f( Observation )

""" ] F\ F
o 4
u | S

Find a policy maximizing
total reward

Reward

Environment



Common RL course: Go

[ T < T -
S B M oW Bk o0 ooy W @ O

[ T T ST - T -SR]

A

B

C D

E

E

G H

J

K

L

Obse rvation>

M N O P Q R S T

C o

E

E

G H

K

L

M N O

P Q R

I T B S e e
L T e R T =]

[ S T T R ST T T -]

Action

E

G H

]

K

L MmN O

P QR

19

<0+ AlphaGo :

17

16
15

14

13

12

=

Reward =

B o o - m W

(¥

\

aly,

VIOVE

E

G H

Environment

1

K

L MNO

P QR

[ T T R O S S R )
L e N = T}

[ S T T R ST T N ]



Common RL course: Go

Find an actor maximizing expected reward.

Observation> Action
I GGGGGGGGGGGGGGG
: {0+ AlphaGo
@ 16
1; Reward
reward = 0 in most cases
If win, reward =1
]-AJ:’DHE FV GGGGGG NiPQ sTl) If IOSS’ reward:-l i TEP TR I GGGGGGGGG

Environment



Language models vs Go

E - | AlphaGo |=— "5-5"

Position of next move
Unfinished

board game

Language

Unfinished —— —_—  Next Token

Model
sentence

(The explanation of AlphaGo here is simplified.)



(Ignoring multi-turn dialogue for simplicity.)

Language models vs Go

Hello New
Language

. New output everyone output
11 _ )
AlphaGo 5-5 —Hete——> Model l
Board

Board tat
State sda ted
updated Jpdate

' ﬁ@ |
"3-3" <= Opponent @ everyone = J



Policy Gradient, PPO, DPO, KTO, GRPO ......

« Policy gradient « PPO
Policy Gradient
Update ; §
_ Model Proximal Policy
Given actor parameter # ) . .
2 sha) R@) |[0e6+nvR, Optimization (PPO)
(s3 “z) R(t) PRy = default reinforcement learning algorithm at OpenAl
: - ®
(B RGD sz ")Vlogp(atst. o)
(s?,a%) R(t% 1=1t=1 :
: : g Policy On-policy = . Add
: : Data Off-policy constraint
Collection —

https://youtu.be/W8XF3ME8G2|?si=LsliHWNHYI5G0dCQ https://youtu.be/z95ZYgPgXOY?si=-E-1iE77gxsd NoGw

https://youtu.be/y8UPGr36ccl?si=v4SYHvyJ7DgS-qBp



The key idea of policy gradient

- Nount
Everest

Which
mountain is

the hightest ?

Language
Model

T

= | don’t know d

Which mountain
Is the hightest ?

Language
Model

Which mountain
s the hightest ?

Language
Model

? 4 |

? <> Mo

pull Unt Push
closer away
Which mountain Language , Which mountain Language
. . LR ? ‘II»
is the hightest ? Model { 4==p EZ’ter is the hightest ? =% Model , Dont
Mount pull | Push

closer away



https://arxiv.org/abs/2212.08073
https://arxiv.org/abs/2304.03277

R L H F — R LAI F https://arxiv.org/abs/2309.00267

https://arxiv.org/abs/2401.10020

Mount
Everest

Which
mountain is
the highest?

Language
Model

—» | don’t know ]

. .
Training data —
L 4

Reward Model

Language Language

o Model Model Creation is hard.
Reward Model Judgment is easier.




Stage I. Self—supe.rwsed Trainig ' In:Alisso  Out: amazing
Pre-train Learning data EA e P K
Stage T .
Supervised ! :
Supervised g . : In:"USER: whoareyou? Al:” Out: "I :
, , Learning i a e A A A A R A A AN N R AR EEEEEEEEAEEEEEEEREEEEREE K
Fine-tuning
Stage Il Reinforcement : In: USER: “Which mountain is the highest ? Al:”
RLHF Learning (RL) Out: “Mount Everest” S ‘Any idea?”
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