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The cat drank a bowl of diet coke. The cat drank a bow! of milk. The cat drank a bow! of rocks.
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o 25% L F %] (word sequence)
° Wl’ WZI ...’Wn

c BERAG ARG AT EEST T HILOBRE

P(WL Wop, Wn)

o VAR IER RS EA B RIE T A EAESFMER, He:
o MBEIF: 3iE: Yougo first > L: ML A vs A%
o NZ&EANE: HA KRB (FX. THR, K#. BK)



1% 2 A 52 5] 0 Bk,

o AN ABIXRAIA 50007 FE, —a s KA AS, ARA TR
k)& T = : 5000°

o BAFEMG: RZ A o) T AN EH T T A — KA L
* ARKFHNFTELSRBLFR



Gt E REA

o N-Gram#®&: %iHiE s 2K E
« BAE: FIIAK, T HAGM D ANE B B A E a9 5 A B A8 808 Ao
o MRFZTE: FIANGRAKRMIL, AA Z A8 S I a9 BEFEAAAR M AT B NAN 3]

K AE A
SR M L

Bt ¥R

—M: P(F R KF)=P(#H)P(K

—Br: P(#T KF) =P(#)P(F

Chain rule

P(wy,wy, -, wy) = P(Wnlwl;"';Wn—l)P(Wlw”'rWn—l)

A)P(K|F)P(F| X)

A)P(K | T)P(F| % K)
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CAVEIR % &35 F R ABARY



AP 42 B 2415 5 AR A

o #4153 42 A& (Neural Language Model)
%%#%W%,%ﬁﬁﬁwﬁﬁﬁﬁ,ﬁ%%ﬁ@%i&%%@%
¥ B ARA S
Input layer Hidden layer Output layer

x] O O }«’1

xz O O V>

x3 O hl O O }"3

o> omy >
Xt 1O hi C:) O )J
W= Wil hNCE) Wing= W'y}
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MAXEZ R L Transformer

. Transformer: >k A B & /1 ALFI (Self-Attention) L FLZAZR M X &, HEEE L HAE
X, BEHHEEHARETHRPEER TR X AR

- RERAKRRRE, HEAHEZIAWMAXE

The weather is nice today

The weather is nice today



MAKIEZ A AL L Transformer

#H™ token FFEREBE=NHm=:

Query Key Value
KA RAT A RERHEF L2 AKOKFELE

Keys ‘How’ ‘are’ ‘you’ ‘doing’ ‘?’
i ‘How’
Wk 23
‘How’-\ SEEEE ‘are’
PEEEEE— 0008 e—
‘are’ : . Queries ‘you’

N

‘you’ ‘dOing’

O © © O ©
O © © O ©
© © © O [©
© © © O ©
O © © © ©

‘doing’

P

'8

Word / token

9 _J embedding - Values
(X X XX
0000

e
>

QK'
Vd

Attention(Q,K,V) = softmax

Output
Probabilities
Linear
( )
Add & Norm
Feed
Forward
e ~\ Add & Norm
_ .
fad & lNoiin Multi-Head
Feed Attention
Forward D) Nx
 —
Nix Add & Norm
(—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
it it
\_‘ J . ‘_J)
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.



MTransformer®|GPT 1.0

e 20185F, OpenAlif i % —4XGPT (Generative Pre-training Transformer )
o 2 RMEM NG+ AREMNAE, TULESZHAKREZAEES LBIFHE

o LU BMING: AT L, LRI ALT L
TREM AT ~

it
LRI —— —y =

CORERAIE: FARAE, ARAKTHES k. FE. 8% BV Bk
EHBUHR, READMEE, FHAAHRE

Improving Language Understanding by Generative Pre-Training. OpenAl, 2018.



https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf

A FF A9 GPT 2.0

- AR
. R SHES
- o FTATILEHEA . BT,
AU, P&, TR
X 695 A FF

. AR A
. MR11MMLA Y K F)151C
A ¥, 40G L RiEH

Question Generated Answer Correct  Probability
Who wrote the book the origin of species? Charles Darwin v 83.4%
Who is the founder of the ubuntu project? Mark Shuttleworth v 82.0%
Who is the quarterback for the green bay packers? Aaron Rodgers v 81.1%
Panda is a national animal of which country? China v 76.8%
Who came up with the theory of relativity? Albert Einstein v 76.4%
‘When was the first star wars film released? 1977 v 71.4%
‘What is the most common blood type in sweden? A X 70.6%
Who is regarded as the founder of psychoanalysis? Sigmund Freud v 69.3%
Who took the first steps on the moon in 19697 Neil Armstrong v 66.8%
Who is the largest supermarket chain in the uk? Tesco v 65.3%
What is the meaning of shalom in english? peace v 64.0%
Who was the author of the art of war? Sun Tzu v 59.6%
Largest state in the us by land mass? California X 59.2%
Green algae is an example of which type of reproduction? parthenogenesis X 56.5%
Vikram samvat calender is official in which country? India v 55.6%
Who is mostly responsible for writing the declaration of independence? Thomas Jefferson v 53.3%
What us state forms the western boundary of montana? Montana X 52.3%
Who plays ser davos in game of thrones? Peter Dinklage X 52.1%
Who appoints the chair of the federal reserve system? Janet Yellen X 51.5%
State the process that divides one nucleus into two genetically identical nuclei?  mitosis v 50.7%
Who won the most mvp awards in the nba? Michael Jordan X 50.2%
What river is associated with the city of rome? the Tiber v 48.6%
Who is the first president to be impeached? Andrew Johnson v 48.3%
Who is the head of the department of homeland security 2017? John Kelly v 47.0%
What is the name given to the common currency to the european union? Euro v 46.8%
‘What was the emperor name in star wars? Palpatine v 46.5%
Do you have to have a gun permit to shoot at a range? No v 46.4%
‘Who proposed evolution in 1859 as the basis of biological development? Charles Darwin v 45.7%
Nuclear power plant that blew up in russia? Chernobyl v 45.7%
Who played john connor in the original terminator? Arnold Schwarzenegger X 45.2%

Language Models are Unsupervised Multitask Learners. OpenAl, 2019.



https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf

Hey EMGPT 3.0

WMEY K: EmPE, 22, THES

BREZ BHE I EREHE
Original GPT (GPT-1) 1.171Z 4.5 GBX A
GPT-2 15412 40 GBXX A&
GPT-3 175012 570 GBX A

GPT-3: Language Models are Few-Shot Learners. OpenAl, 2020. https://arxiv.org/abs/2005.14165



https://arxiv.org/abs/2005.14165

ChatGPT

202211 A308, ChatGPT.iE X X

GPT-2 ( 15125%%)
B TEMREENS  GPT-2 EEMAERINET
BANKR: HEHE. BX. £5. ®EE,
EEALEMBRTIE . R EREL TR

1) &

|

GPT-1 (1.17{25%))
GPT-1 B—ERNZILEES , BEBR
THEEESTRA NLP (E5

InstructGPT ChatGPT
GPT-3 (175012&%) InstructGPTE — 4 23 14 73 ChatGPT 2 InstructGPT £
GPT-3 fEA— 1 BRBIEE | BEER GPT-3 , ALUBBE=E TEFR  BEBAENKRE
A LASERERESLERNEX B . AELHINERZENG MANGSTE , BFibfHEE

HamblS5AREERE—H

g

WOES . BRIEIAFE R /L
HENARE. BBEAXNE. € 2022.01
EEHFIM. EMBFEREIE ,
EEEBEMNEZRMNE
I EE




ChatGPT

O Phase 1: 7 91| %5 (Pre-Training)
o FIEIB F friR

O Phase 2: & W% : A % B4 8(Supervised Fine-Tuning)
o LS4 AEHITF

O Phase 3: &% : %L (RLHF)

o« HAXABIFAF



I £k KA

RN GAES: A TF —/ Token

KRR /\iJI (&) (&) ) () (38 () (E]

//' —~
i 2

KR (#]42GPT. LLaMA, ...)

\\\ /v

. N A A
P51 VNI IESIEICIESIRHNG NESIC I

CRAEX A | A F b R RARTGE




R 2% A8 R R

I % 3B R R

c AL AHKIE: WM. P&
Fo 5t 15 1B

A
A E T AR )

o FTRXAKIE: %iEZ HIE.
AR, RADHIESF

REHEKXIET

TS (11B)

100%

MT-NLG (530B)
2%
26% 4%

6% 62%

LaMDA (137B)

13%
38%

50%

Z

& XA
P 45 &H7 4
FHE XA
AR

A 09 T

Rl EE & i

Falcon (40B) LLaMA (65B) GPT-3 (175B) Yi (34B)
3%
2% 9% 16% 5%9%
5% 4%
100% 87% 84% 83%
Gopher (280B) Chinchilla (70B) GLaM (1200B) PaLM (540B)
5%
3% 4%
i I — 14%Y 319
37% 0, 4 0,
_— 40% 56% 8%
0,
30% o
Galactica (120B) GPT-NeoX (20B) CodeGen (16B) AlphaCode (41B)
8% .
7% N\ 30% 2%
39% 6%
38%
10% 10%
86% 15% 25% 100%

™ C4 (800G, 2019), ™ OpenWebText (38G, 2023), ™ Wikipedia (21G, 2023)
- the Pile - StackExchange (41G, 2020)
¥ BookCorpus (5G, 2015), ¥ CC-Stories-R (31G, 2019), == CC-NEWES (78G, 2019)
& the Pile - ArXiv (72G, 2020), & the Pile - PubMed Abstracts (25G, 2020)
BigQuery (-, 2023), the Pile - GitHub (61G, 2020)



T 25 5 AL 3

s BERETFZHLAREZE, HFEZNRIFEHRTALE, HRERE. TE.
kT e F o948
« BANBEALEARCERETLR, BRAZTE, RELEF IR

R 355 )/ B3 HBRA BT BFEEE 18704t (£-19) BETRD % |
D I! . @itia « AENE 4 F 45 BPE&}fJ ) -
T o LEpiiRE « BAAE (PI) o SCHEAR e WordPiece 413
ﬁ @ o HABRE o HKIEHE A e Unigram %33 s
| Alice is writing a paper about | | 4 J(Alice) is writing apaper | | Alice is writing a paperabout | | #([Somebodyl is writinga | | 32, 145, 66,79, 12,56, .. |
! LLMs. #$4& Alice is writing ¢ ' about LLMs. ‘ ; LLMs.A&iee—is—wri&iag—e—pepefi é paper about LLMs.") ¢ '

+ a paper about LLMs. d ] E | aboutd-Ms:



IR )| 2 Z I T

e TRKIEMAIRZ G, T2 itA5ENIAE R RZHXE S R RKIE
e HBPREITEZXERANT@: ENKIERGRESLE . SEIERF TIN5

C———— 1
kR —= 3 RIZRA
C— 4
M 1 M 2 M n—1 M n
L J

IR



A W% B8 (Supervised Fine-Tuning, SFT)

EFMEL: A BB A(Supervised Fine-Tuning). #5448 (Instruction Tuning)
RN GALRA F 2315, A B EMALRR F2 AR A

e Instruction: #W A\ &9 ] F 154 * Instruction: ¥ T 71| ST AEH 5 px, 3= L
 Input: AT IZ 454 it & Z A9 AN N\ e Input: &K R AL BT
« output: BPAR A i 45 e E B * output: Today is a nice day

5 - OR K AEA X T



A K B 09 5% 4 52 2] (RLHF)

e AXRMB7%MF 3] Reinforcement Learning from Human Feedback
c H&): AEARIUEBABGARMNMEN—K, AimBEARHFZLHEOAR

HMIAN—N B/ (prompt)

“ - U E IR
A LRSI
= WP 2 LI_I'I? 7 H H “Thi2BERITIE” &Y

£ rvo2 .
X 2— N FiE) /R




A K B 09 5% 4 52 2] (RLHF)

gt — (o ] — wa-rvew
EJQIJTESIz \lf

Ky X &—— | Rewardi&s/E|miEs
%mIJThu?J; \L
a5 W &—— | Reward#s!/EfiEs




A K B 09 5% 4 52 2] (RLHF)

B BOA
1% B A5 AR AT D) 4R

¢
{ﬁﬂ%%%ﬁﬁj

R AR )] 4k

[ﬁ%%%%ﬁﬁ]

AT 3] A
1# B 3245 3] k)| 4

v

{ Xa‘??ééi%%&ﬂfj—r

R

1
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AR 2 e EF: Scaling Law

¥ B ixN(Scaling Law): SofAE k., HIEARS | HHARR > BEAARR

7
4.2
6 —— L=(D/5.4-1013)70:095 | 5.6 —— L =(N/8.8-1013)0.076
) 3.9 A8
B
o 8 4.0
- 4]
+ .
® S B0k
= 3]
3.0
2.4
107° 107 1072 1073 10-1 101 108 10° 10° 107 10°

Compute Dataset Size Parameters



AR = L0 FE N B ILEE 7 (Emergent ability)

TR

AL )

CRILY T EWMRET)

—&—- PaLM

AR AE K,

—e— LaMDA —=— GPT-3 —4— Gopher —#&— Chinchilla - = = Random

(A) Mod. arithmetic (B) IPA transliterate  (C) Word unscramble (D) Persian QA

50 50 50 50
—~ 40 40 X 40 X 40
&O ? ~— ~—
30 ST S 30 S 30
3 ~ ~
2 = < < - o -
5 20 = 20 2 20 g 20
g = g g
Q
< 10 10 S 10 S 10
i i
0f- - 0F ‘ - 0F- Se - 0
1075 10:0 0%~ 109 1075 1070 10%* 104 0= 1070 104 1074 10°° 104 1% 104
(E) TruthfulQA (F) Grounded mappings (G) Multi-task NLU (H) Word in context
70 70 70 70
60 60 60 60
X 50 | X 50 | X 50 | X 50 F - :
> 40 > 40 > 40 > 40
;30 o ;30 ;30 _— ;30
S 20 S 20 S 20 S 20
< < < <
10 10 10 10
0f 0L 0f 0f
== o= 0~ e g Jge (1 o (LA | = e JEs

Model scale (training FLOPSs)



A I AE 77 (Emergent ability)

e HAT, X TFRAANIF S RAH, BEBAVAFZ F DL

A

\

cregs = 10° epegs
Emergent Abilities g No Emergent Abilities
o
C L0 e — o, | Target Str Len g E ° Target Str Len
.B —— 5

. 2023447, Hiimig E ——
ok %’ : e e
KA PTIR IR AL ’ . * odel parameters

AR Y 46 AT 49

Accuracy
- Number of Incorrect Tokens

10° 10 101t
Model Parameters

p(single token correct) = exp ( Lok(

1.0

O

0.0~ Num. Choices

o
©

ic
3 - 2
;-L'D X 7 > 208 fé
]\' ;F \]ﬂ]ﬁ,'%ﬁi B éo,e —0.2
o = 1
Y 0.6 E S
E Pulhed Emergent Aty c 0.4 v -0.4
© zJ . 8 o
o 04 — 9 2
2 N £ 02 ' -06
3 02 Discontinuously Continuously
= 0. -
Num. Choices | ** score 0.0 score i
00 > 2 e LLM outputs 100 100 1011 LLM outputs :
10° 1010 101 Model Parameters e 0 ——
Model Parameters Model Parameters

Are Emergent Abilities of Large Language Models a Mirage? NeurlPS 2024. https://arxiv.org/pdf/2304.15004



https://arxiv.org/pdf/2304.15004
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KA 3~ TAE

“Talk is cheap, show me the code”

-> “Code is cheap, show me the talk”




# 7 (Prompt). £ T L5 3] (In-Context Learning)

LT 53] (In-context Learning) , & &F H K& 5 2R BRI AL
Ay A8 iRz AL 2 ATE B ARME S
A

Instruction: Solve the following math problem y ’ :
Few-shot g~ Instrucion

Q: If there are 3 cars in the parking lot and 2 more cars arrive,
how many cars are in the parking lot?

A: The answer is 5 cars. p
rompt

Q: Shawn has five toys. For Christmas, he got two toys each
from his mom and dad. How many toys does he have now?

A:
Test Example




FHF A I F K2 (Zero-Shot 32 77)

No Prompt Prompt
Please unscramble the letters into
Zero-shot skicts = sticks a word, and write that word:
(0s) skicts = sticks

. . Please unscramble the letters into
chiar = chair

1-shot ; : a word, and write that word:
(1s) skicts = sticks e
skicts = sticks
chiar = chair Please unscramble the letters into
- a word, and write that word:
Few-shot pciinc = picnic chiar = chair
(ES) skicts = sticks -]

pciinc = picnic
skicts = sticks



2 %t 5% (Chain-of-Thought Prompting)

Standard Prompting Chain-of-Thought Prompting

e

Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
J do they have?

J

A: The answer is 27. x AI

The

answeris 9. 4/

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. NeurIPS 2022. https://arxiv.org/pdf/2201.11903



https://arxiv.org/pdf/2201.11903

2 242 5% (Chain-of-Thought Prompting)

Q: If there are 3 cars in the parking lot and 2 more cars arrive,
Direct how many cars are in the parking lot?

Prompt

A: The answer is 5 cars.

Chain'Of'T hought Q: If there are 3 cars in the parking lot and 2 more cars arrive,
Prompt how many cars are in the parking lot?
i Thought (T): There are originally 3 cars. 2 more cars arrive. 3 +2
Standard prompt: 5 :
- QA T e

A: The answer is 5 cars.

Chain-of-thought prompt:

* (Q — Reasoning Process, A




Zero-Shot CoT Prompting

(a) Few-shot

@oger has 5 tennis balls. He buys 2 more cans of terg

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

\ /
(c) Zero-shot

/Q: A juggler can juggle 16 balls. Half of the balls are golf balls, \
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) 8 X

(b) Few-shot-CoT

ﬁRoger has 5 tennis balls. He buys 2 more cans of ter@
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf

Y M

balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
%. So there are 8/ 2 = 4 blue golf balls. The answer is 4. y

(d) Zero-shot-CoT (Ours)

ﬁ): A juggler can juggle 16 balls. Half of the balls are golf balls,\
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
Qre blue. That means that there are 4 blue golf balls. v /

Large Language Models are Zero-Shot Reasoners. NeurlPS 2022. https://arxiv.org/pdf/2205.11916


https://arxiv.org/pdf/2205.11916

Self-Consistency Prompting

Chain-of-thought
prompting

Self-consistency

ﬂ) If there are 3 cars in the parking \
lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3 +2=>5cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How

Language

model

Language
model

much does she make every day?

. J

Greedy decode

This means she uses 3 + 4 = 7 eggs every day.
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14.

Sample a diverse set of
reasoning paths P

F_EE BN BN BN =B B B a0

N
She has 16 - 3 - 4 =9 eggs |

left. So she makes $2*9 = | The answer is $18.
$18 per day. I )

i N

This means she she sells the

remainder for $2 * (16 - 4 - 3) The answer is $26.

= $26 per da
P y. : )

' ~

She eats 3 for breakfast, so |
she has 16 - 3 = 13 left. Then |
she bakes muffins, so she I The answer is $18.

The answer is $14. ]

Marginalize out reasoning paths
to aggregate final answers

The answer is $18. J

has 13 - 4 = 9 eggs left. So
she has 9 eggs * $2=$18. |

Self-Consistency Improves Chain of Thought Reasoning in Language Models. ICLR 2023. https://arxiv.org/pdf/2203.11171.pdf



https://arxiv.org/pdf/2203.11171.pdf

Least-to-Most Prompting

Stage 1: Decompose Question into Subquestions

A: To solve “How many times
can she slide before it
closes?’, we need to first
solve: “How long does each
trip take?”

Q: It takes Amy 4 minutes to climb to the top
of a slide. It takes her 1 minute to slide down.
The water slide closes in 15 minutes. How
many times can she slide before it closes?

Language
Model

M BEEN  BEEE  BEEE BEEE BEEN BEEE BEEE BN BN BEEE BEEE BN BEEE BEEE  GEEE  BEEE  BEEE  BEEE  BEEN BESN BESN BESN  BEEN BN BEe e e .

Stage 2: Sequentially Solve Subquestions

It takes Amy 4 minutes to climb to the top of a
slide. It takes her 1 minute to slide down. The
slide closes in 15 minutes.

A: It takes Amy 4 minutes to
climb and 1 minute to slide
down. 4 + 1 = 5. So each trip
takes 5 minutes.

Language
Model
Subquestion 1 Q: How long does each trip take?

It takes Amy 4 minutes to climb to the top of
a slide. It takes her 1 minute to slide down.

The slide closes in 15 minutes. /A: The water slide closes in

15 minutes. Each trip takes 5

Q: How long does each trip take?
:Efﬁgfltr;wde'__ A: It takes Amy 4 minutes to climb and 1 Lah:g(lﬁ?e minutes. So Amy can slide
Subquestion 1 minute to slide down. 4 + 1 = 5. So each trip 15 + & = 3 times before it
takes 5 minutes. closes.

2

Q: How many times can she slide before it
closes?

Subquestion 2 —

Least-to-Most Prompting Enables Complex Reasoning in Large Language Models. ICLR 2023. https://arxiv.org/abs/2205.10625



https://arxiv.org/abs/2205.10625

Tree of Thought

v v Y Majority vote

(a) Input-Output (c) Chain of Thought  (c) Self Consistency
Prompting (1O) Prompting (CoT) with CoT (CoT-SC)

<+
-+
e
-

(d) Tree of Thoughts (ToT)

Tree of Thoughts: Deliberate Problem Solving with Large Language Models. NeurIPS 2023. https://arxiv.org/pdf/2305.10601



https://arxiv.org/pdf/2305.10601

Prompting Techniques

CoT

OQ(} .@

Output

Sampling-
based CoT

T
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DeepSeek-R1 Zero

Question: If a > 1, then the sum of the real solutions of ya — va+x = x is equal to

Response: <think>
To solve the equation va — Va + x = x, let’s start by squaring both - - -
2
( a—\/a+x) =x? = a-Va+x=x2
Rearrange to isolate the inner square root term:
(a-x*)?=a+x = a®-2ax*+(x?)? =a+x = x*-2ax®> —x+(a®-a) =0

Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum can be - - -
We started with the equation:
Ja—VarE=x

First, let’s square both sides:
a-Va+tx=x> = a+x=a-x
Next, I could square both sides again, treating the equation: - - -

2

Aha Moment

Average length per response

12000 A

10000 -

8000 1

6000 ~

4000 A

2000

DeepSeek-R1-Zero average length per response during training

6 20'00 4000 6000 8000
Steps

RL3E3) T B A A Long-COTHE A /)
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Benchmark oetrio R1-Zero R1-Devl R1-Dev2 R1-Dev3| R1
MMLU Ewm) 88.8 89.1 91.2 91.0 |(90.8
MMLU-Redux &wm 85.6 90.0 93.0 93.1 (929
MMULU-Pro @&wm) 68.9 74.1 83.8 83.1 |[84.0

DROP (3-shot F1) 89.1 89.8 91.1 88.7 192.2
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SimpleQA (Correct) 30.3 17.8 28.2 249 |30.1
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AlpacaEval2.0 (tc-winrate) 24.7 50.1 55.8 62.1 |87.6
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Question: Which item may have the potential
to short-circuit the laptop2Please provide the
bounding box coordinate of this region
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<think> The image shows a desk with various items
including a laptop, a red mug, a notebook, a pen holder,
an alarm clock, and a small potted plant. The red mug is
placed on the desk near the laptop. Given that mugs
can contain liquids like coffee or tea, which could
potentially cause damage if spilled onto electronic

devices, it is reasonable to assume that the red mug
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Abstract

While reinforcement learning (RL) has demon-
strated remarkable success in enhancing large
language models (LLM:s), it has primarily fo-
cused on single-turn tasks such as solving math
problems. Training effective web agents for
multi-turn interactions remains challenging due
to the complexity of long-horizon decision-
making across dynamic web interfaces. In this
work, we present WEBAGENT-R 1, a simple yet
effective end-to-end multi-turn RL framework
for training web agents. It learns directly from
online interactions with web environments by
generating diverse trajectories in parallel, en-
tirely guided by binary rewards depending on
task success. Experiments on the WebArena-
Lite benchmark demonstrate the effectiveness
of WEBAGENT-R1, boosting the task success
rate of Qwen-2.5-3B from 6.1% to 33.9% and
Llama-3.1-8B from 8.5% to 44.8%, signifi-

single-turn, non-interactive tasks such as mathe-
matical reasoning (Shao et al., 2024; Zeng et al.,
2025). Their effectiveness in multi-turn, interac-
tive environments—particularly in complex sce-
narios requiring long-horizon decision-making and
domain-specific skills, such as web browsing (Zhou
et al., 2024a; He et al., 2024a; Chae et al., 2025)—
still remains underexplored.

Unlike static environments, web tasks pose
unique challenges for LLM agents due to their dy-
namic nature and diverse solution spaces. Early
works on web agents primarily relied on prompting-
based methods (Wang et al., 2024b; Sodhi et al.,
2024; Fu et al., 2024; Zhang et al., 2025; Yang
et al., 2025b) or behavior cloning (BC), which imi-
tates demonstrated trajectories via supervised fine-
tuning (Yin et al., 2024; Hong et al., 2024; Lai et al.,
2024; He et al., 2024b; Putta et al., 2024). Despite

if

Ver>

Efficiently acquiring external knowledge and up-to-date information is
essential for effective reasoning and text generation in large language
models (LLMs). Prompting advanced LLMs with reasoning capabili-
ties to use search engines during inference is often suboptimal, as the
LLM might not fully possess the capability on how to interact optimally
with the search engine. This paper introduces SEARCH-R1, an exten-
sion of reinforcement learning (RL) for reasoning frameworks where
the LLM learns to autonomously generate (multiple) search queries dur-
ino sten-hv-sten reasonine with real-time retrieval. SEARCH-R1 onti-

Agent-R1: Training Powerful LLM Agents with
End-to-End Reinforcement Learning

Mingyue Cheng, Jie Ouyang, Shuo Yu, Ruiran Yan, Yucong Luo,
= Zirui Liu, Daoyu Wang, Qi Liu, Enhong Chen
State Key Laboratory of Cognitive Intelligence,
University of Science and Technology of China, Hefei, China

Abstract

Large Language Models (LLMs) are increasingly being explored for building
Agents capable of active environmental interaction (e.g., via tool use) to solve com-
plex problems. Reinforcement Learning (RL) is considered a key technology with
significant potential for training such Agents; however, the effective application of
RL to LLM Agents is still in its nascent stages and faces considerable challenges.
Currently, this emerging field lacks in-depth exploration into RL approaches specif-
ically tailored for the LLM Agent context, alongside a scarcity of flexible and
easily extensible training frameworks designed for this purpose. To help advance
this area, this paper first revisits and clarifies Reinforcement Learning methodolo-
gies for LLM Agents by systematically extending the Markov Decision Process
(MDP) framework to comprehensively define the key components of an LLM
Agent. Secondly, we introduce Agent-R1, a modular, flexible, and user-friendly
training framework for RL-based LLM Agents, designed for straightforward adap-
tation across diverse task scenarios and interactive environments. We conducted
experiments on Multihop QA benchmark tasks, providing initial validation for the
effectiveness of our proposed methods and framework.

O https://github.com/0Orusswest0/Agent—R1. '

ABSTRACT

DeepSeek-R1-Zero has successfully demonstrated the emergence of reasoning
capabilities in LLMs purely through Reinforcement Learning (RL). Inspired by
this breakthrough, we explore how RL can be utilized to enhance the reasoning
capability of MLLMs. However, direct training with RL struggles to activate
complex reasoning capabilities such as questioning and reflection in MLLMs, due
to the absence of substantial high-quality multimodal reasoning data. To address
this issue, we propose the reasoning MLLM, Vision-R1, to improve multimodal
reasoning capability. Specifically, we first construct a high-quality multimodal CoT
dataset without human annotations by leveraging an existing MLLM and DeepSeek-
R1 through modality bridging and data filtering to obtain a 200K multimodal CoT
dataset, Vision-R1-cold dataset. It serves as cold-start initialization data for Vision-
R1. To mitigate the optimization challenges caused by overthinking after cold
start, we propose Progressive Thinking Suppression Training (PTST) strategy
and employ Group Relative Policy Optimization (GRPO) with the hard formatting
result reward function to gradually refine the model’s ability to learn correct and
complex reasoning processes on the multimodal math dataset. Comprehensive
experiments show our model achieves an average improvement of ~6% across
various multimodal math reasoning benchmarks using only a 10K multimodal math
data during RL training. Vision-R1-7B achieves a 73.5% accuracy on the widely
used MathVista benchmark, which is only 0.4% lower than the leading reasoning
model, OpenAl O1. Scaling up the amount of multimodal math data in the RL
training, Vision-R1-32B and Vison-R1-72B achieves 76.4% and 78.2% MathVista
benchmark scores, respectively. The datasets, weight and code will be released in:
https://github.com/0Osilly/Vision-R1.
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While reinforcement learning (RL) has demon-
strated remarkable success in enhancing large
language models (LLM:s), it has primarily fo-
cused on single-turn tasks such as solving math
problems. Training effective web agents for
multi-turn interactions remains challenging due
to the complexity of long-horizon decision-
making across dynamic web interfaces. In this
work, we present WEBAGENT-R 1, a simple yet
effective end-to-end multi-turn RL framework
for training web agents. It learns directly from
online interactions with web environments by
generating diverse trajectories in parallel, en-
tirely guided by binary rewards depending on
task success. Experiments on the WebArena-
Lite benchmark demonstrate the effectiveness
of WEBAGENT-R 1, boosting the task success
rate of Qwen-2.5-3B from 6.1% to 33.9% and
Llama-3.1-8B from 8.5% to 44.8%, signifi-

2025). Their effectiveness in multi-turn, interac-
tive environments—particularly in complex sce-
narios requiring long-horizon decision-making and
domain-specific skills, such as web browsing (Zhou
et al., 2024a; He et al., 2024a; Chae et al., 2025)—
still remains underexplored.

Unlike static environments, web tasks pose
unique challenges for LLM agents due to their dy-
namic nature and diverse solution spaces. Early
works on web agents primarily relied on prompting-
based methods (Wang et al., 2024b; Sodhi et al.,
2024; Fu et al., 2024; Zhang et al., 2025; Yang
et al., 2025b) or behavior cloning (BC), which imi-
tates demonstrated trajectories via supervised fine-
tuning (Yin et al., 2024; Hong et al., 2024; Lai et al.,
2024; He et al., 2024b; Putta et al., 2024). Despite

Abstract

Large Language Models (LLMs) are increasingly being explored for building
Agents capable of active environmental interaction (e.g., via tool use) to solve com-
plex problems. Reinforcement Learning (RL) is considered a key technology with
significant potential for training such Agents; however, the effective application of
RL to LLM Agents is still in its nascent stages and faces considerable challenges.
Currently, this emerging field lacks in-depth exploration into RL approaches specif-
ically tailored for the LLM Agent context, alongside a scarcity of flexible and
easily extensible training frameworks designed for this purpose. To help advance
this area, this paper first revisits and clarifies Reinforcement Learning methodolo-
gies for LLM Agents by systematically extending the Markov Decision Process
(MDP) framework to comprehensively define the key components of an LLM
Agent. Secondly, we introduce Agent-R1, a modular, flexible, and user-friendly
training framework for RL-based LLM Agents, designed for straightforward adap-
tation across diverse task scenarios and interactive environments. We conducted
experiments on Multihop QA benchmark tasks, providing initial validation for the
effectiveness of our proposed methods and framework.

O https://github.com/0Orusswest0/Agent—R1. '

data during RL training. Vision-R1-7B achieves a 73.5% accuracy on the widely
used MathVista benchmark, which is only 0.4% lower than the leading reasoning
model, OpenAl O1. Scaling up the amount of multimodal math data in the RL
training, Vision-R1-32B and Vison-R1-72B achieves 76.4% and 78.2% MathVista
benchmark scores, respectively. The datasets, weight and code will be released in:
https://github.com/Osilly/Vision-R1.
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Oliver picks 44 kiwis on Friday. Then he picks 58 kiwis on Saturday. On Sunday, he picks double
the number of kiwis he did on Friday, but five of them were a bit smaller than average. How many
kiwis does Oliver have?

ol-mini: Oliver picks kiwis over three days as follows:

- Friday: 44 kiwis

- Saturday: 58 kiwis

- Sunday: Double the number he picked on Friday, which is 2 X 44 = 88 kiwis

However, on Sunday, 5 of these kiwis were smaller than average. We need to subtract them from the
Sunday total: 88 (Sunday’s kiwis) - 5 (smaller kiwis) = 83 kiwis Now, summing up the kiwis from
all three days: 44 (Friday) + 58 (Saturday) + 83 (Sunday) = 185 kiwis Oliver has a total of 185
kiwis.

Llama3-8B: Let’s break it down step by step:

Oliver picks 44 kiwis on Friday. He picks 58 kiwis on Saturday. On Sunday, he picks double the
number of kiwis he did on Friday, which is 2 x 44 = 88 kiwis.

Five of the kiwis picked on Sunday are a bit smaller than average, so we subtract 5 from the total
number of kiwis picked on Sunday: 88 - 5 = 83 kiwis. Now, let’s add up the total number of kiwis
Oliver has:

44 (Friday) + 58 (Saturday) + 83 (Sunday) = 185 kiwis

So, Oliver has 185 kiwis in total.

[1] GSM-Symbolic: Understanding the Limitations of Mathematical Reasoning in Large Language Models. ICLR 2024.



PU

o AAEA+ T B

e RV T AR T LFANR), BB FRANRECH
W EAEES, T AL —F R RBER R AH AR

4.0 B EEEMER

1.0 3iE T BEHE 2.0 RERMFEE 3.0 BEEEEE ME. Blis5HHESEH
BRSE B, $HS5@IX AL TRSAT

[ {1
‘@

o BSREGIME
///7 B \\\N
(Perception) <V
e = D
- /N4 7 E
(Plannil

2tz w[sﬁ?@’%

N

fRYF!
B AT LAEBIR?

o - BERR

. - IAER

LT
- Y




