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LLaMA3

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

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

Figure 4: Construction of DCLM-BASELINE from DCLM-
POOL. Before this pipeline, we extracted DCLM-Pool from
Common Crawl with resiliparse. Percentages are based on
the total number of original documents.
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What is the purpose of the list C in the code below?
def binomial_coefficient(n, r):
C = [0 fur i in range(r + 1)]; —— GPT-3
c[o] =
for i in range(l n+ 1):
j = min(i, r);
while j > 0: 1768
Cljl +=C[j - 11;
] -= 1; -
return C [Lj] A. to store the value of C[0]

l
B. to store the value of C[1]
C. to store the value of C[1]
D. to store the value of CJ1- 1]

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



The square root of x is the cube
root of y. What is y to the power
of 2,if x=47

/-{ Model input ]-\

J

AR ERIRFIRIEE R S

AB]E

a

PaLM 540B output

N

S

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

.




R EESHE TP IR ?

HEMBEERIRESERAUN ...

o
~
-—
-
-

¥ DEFP ISR
hitps:flcs-chinese.org » 2018_G729_CuestionAnswer 3
. .
}}_IL% E . jénT' '_-'AJ"E . ."r‘1 UU

—_ — e — _ e e oo = o |
34. {2}é%%?ET_.%-EF.i_?I:=ZZ=§J.I='F““'EJ.I"?" WEW) - 30 (2)PEREMXFEREE 7(%3\1%
B (DEQEDE) - 36 (1) NEZAE=EFRMAILAB HEE :m}l_(sl_

EREEE

i

EURIUNERERSREETURERTONS | TEHEE 2
L EEERR ) A TREEENLEHEL ) 5? NEsRNER B “A\]

-

H
it

A
¢l
\

/
é\l -,
It



Pre-train 28 2FE £ - 2E=EEEEEANIX

« HE Pre-train &A= OZ ]
RS SR SRR ?

Reasoning with Sampling: Your Base
Model is Smarter Than You Think
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Physics of Language Models: Part 3.1
https://arxiv.org/abs/2309.14316
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Physics of Language Models: Part 3.1
https://arxiv.org/abs/2309.14316
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EARLY STOP CONVERGENCE
Full Htn Mkn Wkn Unk Full Hin Mkn Wkn Unk
Diigniyknown  40.5 98.7 60.1 9.0 06 40.0 984 588 85 0.7
Dyaybeknosn 436 984 69.9 121 1.0 43.2 97.5 682 129 1.3
Dyeaiyknown 392 95.0 592 86 04 35.4 735 558 172 22
Dnrnoun 37.5 95.6 529 65 0.6 25.8 558 36.6 122 3.2
Diiatural 43.5 98.0 67.6 141 1.8 41.8 955 61.7 148 2.5

https://arxiv.org/abs/2405.05904
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The Unlocking Spell on Base LLMs
https://arxiv.org/abs/2312.01552 Unshift Marginal Shifted

L

fine fine fine fine

: 1

LLM LLM
(After alignment) (Before alignment)

1 1

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



° \N / :/j j-H-l: E)_'T_
Alignment IR B/ KA E _
(O,) What breed dog q wp (*2) Aligned
is the smallest? o LM

Thank you for asking ! The smallest dog bre
ed in the world is the Ch ihuahua . On '
average , they we igh between 2 - 8 pounds,
(1-4 kil og rams ) and stand between 6 - 9,
inches (15 -2 3 cent im eters ) tall at the
shoulder . However , it ' s important to note
that while Ch ih u ahu as are the smallest dbg\
bre ed , there can be some variation in size

\

decode\LA—h'KM

'k |* Unshifted: o,

=0

[Context: g Oyt Ot—IJ

LLM

A

O¢

next token
Ok
4
What if we decode
\ the base LLM here?

\

Top 1 token
|» Marginal: o, == 2™ or 3

within the bre ed , and some individuals may
be smaller or larger than the average . </s> _ .

Shifted: o; rank >3

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



Alignment IR BHRAE _ERIEE

[ 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%)
, L R L , '=f5="', 'cannot', 'As', 'To', 'Here', 'efs5>', 'Sure', 'prejud', 'posit',
':ii}if.;:anll:lanl}lést?pu}z?‘eét'He}éﬁ" 'There', 'One', 'When', 'provide', "truth', "fair', "harmful’, 'negative’,
'Let’ 'witi;in' 'I;' 'pl:lin:c' ! 'eng', “typically', 'Add"', 'It', ‘care', 'assist', 'apprupriatef, "As"',
'P'LEﬂ_':.E' 'cannl;'t' IIEDFItEiI'ISI’ Rem' 'Additionally', 'never', 'Over', "Ta', 'promote', 'secure', 'prior’',
'H{:wever", 'cLarif;r', 'r‘eal:hinna', C 'Surry',_'harm',.'ﬁem', "promote’, 'aL'.-.rEIIyrS', 'content', 'When', "One',
‘As'. 'Add'. 'soci'. 'must'. 'here’ 'You', 'information', 'Use', 'always', 'ethical', 'Instead', 'never',
'gla:j' 'rE;punsibLé' ,TD,' Gq! ! 'Some', 'In', "try', 'follow', "approach', "There', 'Additionally®,
'aduicé' 'prugramminé' 'sirnngl;r' 'develop', "If', 'encou', ‘avoid', 'It", 'highly', 'respect’,
, o T . ! '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




Embers of Autoregression

P ret ra | N 13:73 _F E/\j ;E Et,)]-\ https://arxiv.org/abs/2309.13638

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.

v/ 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 ivwbpmz 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 4

e

by |

o
1
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-+ GPT-3.5
A A GPT-4
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Shift




Google

2 ¥R 0

B . IRHIES

Wikipedia
hitps:/fen. wik

ROT13 @

ROT13 is a simph
alphabet.

W

dCode

hitpsz/fanan. d

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

Rot-13 (short for Rotation 13) is the name given to a mono-alphabetical substitution cipher which has the

P L L L L L L Lo Lo Lo L

shift cipher |

shift cipher decoder

shift cipher 13

shift cipher in cryptography
shift cipher solver

shift cipher calculator

shift cipher example

shift cipher python

shift cipher wheel

shift cipher definition

shift cipher formula

property of being reversible and very simple.

(=
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B0 FHEEH

bertForSequenceClassification

AR — © H 1S

class
How to use BERT —Case 1 1
ClUne;‘r Trained fram Input: single sentence,
class Input: sequence “; ' Seratch output: class

1 output: class Example:

Y ) Sentiment analysis (our

o 0 Example: Lt 1 L
- ; 3 initialization Sentiment analysis BERT=>Fine-tune Document Classification
t HR{EH : SST-2, ColA
#eseesssasacnsassscsase
: i thisis good J— !
L Init by pre-train i : [Clsl L AL
sentence
. : ' -
- H P . N
i positive i P 0)F 5 RRIERS
BERT | 0 .. H ko -
- bertForSequenceClassification
r t t t This is the model Class Input: two sentences, output: class
: to be learned_ t Example: Natural Language Inference
W: o l:‘“?a' Given a “premise”, determining whether
P —_ o a “hypothesis” is T/F/ unknown.

—
-
L
—
—
o
o

[#23282021] BEEEHZEE (Self-supervised [ s )
Learnlng) (_) = BERT@)I t t t t t t t
[CLS] Wi w, [SEP] Wa W, W
https://youtu.be/ghOhewYkjgo R cr ...

BERT %5l

E—0) FEFEH
bertForTokenClassification

class class class

) . (-

Linear Linear Linear Input: single sentence,

Cls Cls Cls output: class of each word
t t t
! 1 1 1 Example: Slot filling
BERT arrive Taipei_on _ November 2% |
A I T [
other dest  other time time
[ { t { ” _
[CLS] w, w, Ws ®R{EF : CoNLL-2003 NER
sentence
RIEERS
bertForQuestionAnswering

l l Learned
s AeNE from scratch Softmax

0. 1
The answer is “d, d3". dot product /i 4 /i
t 1
BERT )

f tt t tt
[CLS] @ g [SEP] d dy g

question document
HEREF5 © SQUAD v1.1, SQUAD 2.0

Source of image: https://leemeng.tw/attack_on_bert_transfer_learning_in_nlp.html
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FLAN (Finetuned Language Net)
https://arxiv.org/abs/2109.01652

FLAN
N Ty ™y R ™ ' Ny ™
Commonsense| | Sentiment Paraphrase ||Closed-book QA|| Structto text Translation
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLI(R1-R3))(_ RTE )| _CoPA )||(__IMDB J||(C MRPC )||(ARC (easyichal)) || (CommonGen) || (ParaCrawi ENDE )
(cB ) sNLI )||(HellaSwag )||(_ Sent140 )| aap || Na )||(__DART || (Parscram EneES)
( MNLE ) whle ) PieA )| ssT-2 || paws || TQA  )||(_E2ENLG )||(PareCram ENFR)
( anL ) ) £5tcwcluml k[ Yelp ]J (@EEEED) J((CWEBNLG ) || (WhT-16 ENCS )
o
(WMT-16 ENIDE )
i | (Read. comp. wi| [ Coreference | [  Misc. | sSummarization ) (WMT-16 ENFI )
(5 datasets) commonsense | | (3 datasets) (7 datasets) (11 datasets)
(" BoolQ )(OBQA)|| (2datasets) ||~ ppg )| (CooA)(TREC)| |(_AESLC ) (Mult-News )(_SamSum ) Ewma E“m%
. (QuAC ) ColA ) AG News MNewsroom ) ({ Wiki Lingua EN WMT-16 EN/RU
{DHQF’ )(SQuAD )| [{ CosmosQA | |( Winogrande ) wic Ve Emgmm (s EuTR)
JL( ReCoRD ]J é WSC273 jJ |(FoxPurcumien ) | | (“Gigaword ) (Opin-abe: vove ) L )

1800 tasks!

Scaling Instruction-Fine-tuned Language Models
https://arxiv.org/abs/2210.11416



SFT =2=8EEAE

e Instruct GPT |

D_ﬁ— ) -/
4 Model

—8— PPO-ptx

PPO
1 O SFT
©

GPT (prompted)
GPT

SFT Data

split  source

train labeler
train  customer
valid labeler
valid customer

Win rate against SFT 175B
B

1.38 6B 1758

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



SFT =2=8EEAE

* LLaMA2

https://arxiv.org/abs/2307.09288

Egualif% Is All You Need.] 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,

fmdmgs are 51m1lar in spirit to Zhou Et al. (2023), whlch also ﬁnds 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.

IR AERV B R0 H]!



LIMA: Less Is More for Alignment

https://arxiv.org/abs/2305.11206

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

[Stack Exchange (STEM)]

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

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

Example: Let fix) = 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 1n 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 it mass produced?

The Millennium Falcon 15 not unique; 1t was
a model YT-1300f Corellian light freighter.
This implies that there are other similar
ships, including other variations 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 1in 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
learming. It 1s ultimately up to you to deter-
mine how much time and effort you want to
put mmto 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-
iIng more hours 15 not necessarily the best
way to be productive. A lhittle laziness may
even be good for us.

Part 1 of 3: prioritize what’s important

1. Ask yourself what you want from college.



H ?I( EE EI/\] ,ﬁ‘T = g n\\IJ—-_I :-_I:,j- 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 63.5 60.0 46.0 3543 407 335 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

Qwen-2-TB

Zhihu 65.2 896 420 919 427 56.5 36.1 37.3 77.6  80.0 63.7
Douban 53.8 67.3 150 681 133 34.0 37.8 27.3 51.0 436 47.0
Xhs 49.3 60.0 125 429 133 12.0 31.7 16.4 714  27.1 369
SegmentFault 53.8 6GE.5 41.5 690 333 T74.5 48.7 42.7 76.2  63.7 58.6
Ruozhiba 77.6 95.8 645 967 767 921.5 82.6 723 %.5 §7.1 83.5
Exam 51.4 83.8 542 752 307 73.0 721.2 57.3 495 T1.4 62.9
Logi QA 52.1 69.2 505 TB6 253 70.0 53.7 50.0 757 637 60.2
WikiHow 48.3 28.5 1.0 419 20.7 5.0 209 12.7 624 479 30.2
COIG PC 53.1 95.4 53.0 852 473 56.5 50.4 60.0 619 429 62.1
Chinese Tra 41.7 73.1 41.0 795 287 69.5 35.2 41.8 800  5B.6 58.2
Human Value 63.5 900 605 867 58.0 #3.0 64.8 50.9 786 729 728
COIG-CQIA-Fullset 63.8 8.3 550 929 51.0 59.0 67.8 64.5 66.7  65.7 68.7

COIG-CQIA-Subset 59.7 86.2 540 919 543 38.5 68.3 70.9 833  Tl4 70.3




Ruozhiba (55F51H

https://docs.qqg.com/sheet/DUIZ6aURhamdwb1RO
) ?tab=BB08J2
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B Alpaca-lk-longest wins

Alpaca-52k 24 15.2

AlpaGasus-1k 15.8

46.3 283

GPT4-as-a-judge

so0 ™ Training examples

® Test generations

Y
=
=

Avg. length (tokens)
= g

—
=
=

Long Is More for Alignment

https://arxiv.org/abs/2402.04833
Alpaca-52k

mill il

AlpaGasus-1k  Alpaca-lk-longest

e Tie Alpaca-1k-longest loses

e
— . Be

78.1

Pal. M 2-as-a-judge

LIMA-1k

Dataset
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@ Rank & Rank & | Response
Score Score |
(M) . I (1) - L0 [.H]:;_ . . qm - un] |
e == i g q __..J | :
score 8§ = C#*(
' \_ .
N 3\ | sort data
| pool selected
| diversity-based data
c | selection
y J
I
Evol Complexity Evol Quality Data Selection

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

Rk _’. —_— 24 Alignment WRRIFNE SR
A

5 HY :
Fl:ﬁ% ﬂ ) ﬂ ????? 4 --------------- ]
LLM
 |student |Teacher |Data |Cost |
Alpaca LLaMA1-7B-base ChatGPT 52k $100 4 ] -
BEEE
-7B- PT 70k 14 <
Vicuna LLaMA1-7B-base ChatG 0 $140 o g e A bk
Sky-T1 Qwen2.5-32B-Instruct QwQ 17k $450

S1 Qwen2.5-32B-Instruct Gemini 1k <$50 P



Knowledge Distillation

Rk _’. —_— 24 Alignment WRRIFNE SR
A

5 HY :
Fl:ﬁ% ﬂ ) ﬂ ????? 4 --------------- ]
LLM
 |student |Teacher |Data |Cost |
Alpaca LLaMA1-7B-base ChatGPT 52k $100 4 ] -
BEEE
-7B- PT 70k 14 <
Vicuna LLaMA1-7B-base ChatG 0 $140 o g e A bk
Sky-T1 Qwen2.5-32B-Instruct QwQ 17k $450

S1 Qwen2.5-32B-Instruct Gemini 1k <$50 P



Knowledge Distillation

Fﬂﬂag _’. — 24 Alignment FIERIRYZE 2
A
i) A 048 28 7

5 HY :
Fl:ﬁ% ﬂ ) ﬂ ????? 4 --------------- ]
LLM
 |student |Teacher |Data |Cost |
Alpaca LLaMA1-7B-base ChatGPT 52k $100 4 ] -
BEEE
-7B- PT 70k 14 <
Vicuna LLaMA1-7B-base ChatG 0 $140 o g e A bk
Sky-T1 Qwen2.5-32B-Instruct QwQ 17k $450

S1 Qwen2.5-32B-Instruct Gemini 1k <$50 P



Juncheng Xie

Kn OWl_e dge D i Sti llati on Non-instructional Fine-tuning

https://arxiv.org/abs/2409.00096

fE {8 — a5k




Juncheng Xie

. . : on-instructional Fine-tunin
Kn OWl'e dge D | Stl U‘atl O n ::tps://ar’j(iv.otrg/abs./l:2409.t00096-‘3:J

« R T ..... The nondiscrimination policy seeks to ensure employers with
more than 10 employees

« [R N31TJ: in the city as well as those who provide housing and public
accommodations ......

« ChatGPT4&%:, as well as housing providers, public accommodations, and
city contractors, do not discriminate based on ......

« R EFT): ... Davis was recently hired as a morning anchor for CBS46. She
Is scheduled to

« [R N¥1T): startJan. 2. ......
« ChatGPT#4&%: begin her new role despite the recent arrest. ......




Juncheng Xie

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

Knowledge Distillation

Backbone Model Template Fine-muned Modules  Fine-tuning Data ~ MT Bench
Mistral-7B-vl. 1 zephyr - - 3.3
bistral-7B-v(.1 zephyr lora undistilled 80k 3.07
Mistral-TB-v(.1 zephyr lora gptd-turbo 80k 7.29
Mistral-7B-Instruct-v{.1 mistral - - 684
Meta-Llama-3-%b [lama-3 - - 3.5
Meta-Llama-3-8b-Instruct llama-3 - - 1.86
Meta-Llama-3-8b llama-3 lora gptd-turbo 80k 1.03
Meta-Llama-3-8b-Instruct llama-3 lora gpid-turbo 80k 1.97
Meta-Llama-3-8b-Instruct llama-3 lora-base gptd-turbo 80k 8.21
Meta-Llama-3-70b Tama-3 - - 271
Meta-Llama-3-70b-Instruct  llama-3 - - 5.63
Meta-Llama-3-70b llama-3 lora gptd-turbo 80k 3.18
Meta-Llama-3-70b-Instruct  llama-3 lora gptd-turbo 80k 9.03
Meta-Llama-3-70b-Instruct  llama-3 lora-base gpid-turbo 80k 8.71




Response Tuning

Instruction Tuning

<|user|>

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

. Insiruction
<|assistant|> Conditiening

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. ) N

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 Paris itinerary! Here's a
suggested outlineg to get you started, balancing must-see
sights, cultural experiences, and relaxation. .. e

Mo Loss Computed ¢} Loss Computed



Response Tuning

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

100% 5

B0%0 1

b0% 1 95%
A% 1

20%% 1

0%

IT RT IT RT IT RT Untuned

Alpaca Alpaca Dolly

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

Dolly  LIMA  LIMA  Model

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

B Accepeable (Excellent) . Acceptable (Sufficient) Mot Acceptable

[ W% 1

0% 1
4%
4% 1

20% 4

0% -
RT Untuned
Dolly LIMA LIMA  Model

IT RT IT BT IT

Alpaca Alpaca Dolly

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



Instruction Following without

. Instruction Tuning
IS S FT req U I red ? httpsl:j//alrxiv.o:jg/ellbS/2409.14254

Instruction Tuning Response Tuning Single-Task Tuning Rule-Based Adapter
[instruction] [generate code...] if first token:
Base LM
max else:
I I
max p(  [response] ) M p([python program] ) ~.

[multiply probabilities]

l 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 tiramisu. fingers, mascarpone cheese, eggs, sugar, and coffee.

To make Tiramisu, il need:
Any of these models follows . JT,:W qﬁ@m ™ *

general instructions - 1/2 eup of mascarpone cheesed



Instruction Following without

. Instruction Tuning
I S S FT req U I red ? httpstI//alrxiv.o:jg/eI\bS/2409.14254

. . Rule Vocab Items (string) Weight
I8 N4S SR 51 RY ength of esponsee 15
1{%2—( Rule 1 (Upweight EOS) < /5> (EOS) Cengl o S
2
<, _<, | -4
Y re N -3
$§B EQE{TIE“’ 'I:E' Rule 2 (Uniform Token Changes) we -3
R e p
_'_ _should -6
_*!‘__!‘_'! _#'J _##1‘ \"rl!‘ 1 +1
i e IR E B Y
ff—gg_ Rule 3 (Penalize Used Words) {r € V| x € (response so far)} -1.5
N
Model Rule-Based Model Win Rate vs. Instruction Tuning
None (Base) 2.4% + 0.14%
All Rules 24.4% 4+ 0.40%
- EOS Rule (Rule 1) 10.4% + 0.30%
Llama-2-7B _py ety Rule (Rule 3) 14.3% + 0.58%

- uniform token changes (Rule 2) 16.3% + 0.25%
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ChatGPT 5.1

"RERATS - BESFETE

A : Stage 2 vs Stage 3
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Stage 1 &2: (Self-)Supervised Learning

Stage 1&2 vs Stage 3

User:&8& &SI Al; =L
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Stage 3: Reinforcement Learning
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cxampla: Playving Video Game

[1##3252£2021] ##iE3E=EZE (Reinforcement Learning, RL) (—) - 12
RIS ERRRRE—SHE-ESE

Hung-yi Lee - &

i

=8 -
FEA -

[¥&]
)
Tt

E._-a']

il

[ #225222021] #iiE%E = 2% (Reinforcement Learning, RL) (Z) -
Policy Gradient Z{EE /18

Hung-yi Lee - EFE : 2480+ 1 F5]

[#325E£2021] #iiiEE= 2 E (Reinforcement Learning, RL) (=) -
Actor-Critic
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Actor
Observation : b
> Action =

Action

f( Observation )
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Find a policy maximizing N

total reward
Reward

Environment
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Find an actor maximizing expected reward.

Observation> Action
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-0 AlphaGo :
16 . 16 16
X Reward

; reward = 0 in most cases
- B Ifwin, reward=1 ;
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Policy Gradient, PPO, DPO, KTO, GRPO ......

- Policy gradient (2016 F#£57)

Policy Gradient

Update
Model

Given actor parameter 6

i ( st,a}) R(@EYH) 0 « 0+ r]Vﬁg
(sz a}) R(t!)

VRy =

: : N T,
t2 (sta}) RG?) NZZ e"IPlogn(a?ls?. o)

(s?,a3) R(t%)
Data
Collection

https://youtu.be/W8XF3ME8G2I?si=LsliHWNHYI5G0dCQ
https://youtu.be/y8UPGr36ccl?si=v4SYHvyJ7DgS-qBp

erCam

PPO (2018 F#Ex

Proximal Policy
Optimization (PPO)

default reinforcement learning algorithm at OpenAl

Policy | On-policy — . Add
Gradient Off-policy constraint

https://youtu.be/z95ZYgPgXOY?si=-E-1iE7 7gxsdNoGw



Policy Gradient 575,515
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Reward Model
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https://arxiv.org/abs/2212.08073
https://arxiv.org/abs/2304.03277
https://arxiv.org/abs/2309.00267
https://arxiv.org/abs/2401.10020

Reward Model
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