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Reinforcement Learning for Large Language Models

HELLMIZGRIEEE N EHhNEDM ?
A D FEEEYLEFBIZHENBOAS

T
0.6
N
: Model
|_
: - PPO-th
%)
: -0~ PPO
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: —o-SFT
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- ___— o
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(Ouyang et al., NeurIPS 2020) ’



Reinforcement Learning for Large Language Models

FLHIZ:- EFETILEIIEMN?

Do you want
to go for a...

“Can’t be a bath!” 6



Reinforcement Learning for Large Language Models

EiEE7T /L (Language Model) &1 ? (Jurafsky & Martin, 2000)

= nn:ET)l/&‘i
XFINDRELDERSTMTHD *

/

#l:P(aZlEmhiin,) = 0.5

*BRIZIXFTIIE—I0 ERIENS, BRERETIVICEOTOTEEERINDSSGHD D5



Reinforcement Learning for Large Language Models

EEZBETIIE. XFIIHLTEDHEEREZE XS (Jurafsky & Martin, 2000)

K‘] :19.:(3:75‘1’)(,\(,‘0



Reinforcement Learning for Large Language Models

ERETIVEE. XFIHLTEDHEERES5ZS (Jurafsky & Martin, 2000)

X‘I :m:‘ib\bb\b\o

XEFVoNGEXRERT, "DIIMLERINDET HE*

K‘] = [nl ':I ‘j:l 75\1 *)I l'\I l'\I ° ]

“BRICITT DRIFERT HEHLEM—o2> (end-of-string) HifEDH N B



Reinforcement Learning for Large Language Models

ERETIVEE. XFIHLTEDHEERES5ZS (Jurafsky & Martin, 2000)
X‘I :m:‘ib\bb\b\o

XEFVoNGEXRERT, "DIIMLERINDET HE*

K‘] = [nl ':I ‘j:l 75\1 *)I l'\I l'\I ° ]

SEETAPIE, XEQOEEOHTXIMNMES sHELRT
P[4, S, &, & b, 0, 1y, . ]) =05
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Reinforcement Learning for Large Language Models

ERETIVE. XFIHLTEDHEERES5 XS (Jurafsky & Martin, 2000)
I‘I :m:‘ib\bb\b\o

XEFVoNGEXRERT, "DIIMLERINDET HE*

K‘] = [ml ':I ‘j:l 75\1 *)I l'\I l'\I ° ]

SHEETIPE. XEDEEDHFTXIAHRT HHERERT

P([#3, 2, &, A, H, L\, LY, ., ]) =086 —EFEETIPICEDE. ARIE
0.5DFERTIRIIEMHULIWY, 1EFKEET S

“BRICITT DRIFERT HEHLEM—o2> (end-of-string) HifEDH N B



Reinforcement Learning for Large Language Models

EEZBETIIE. XFIIHLTEDHEEREZE XS (Jurafsky & Martin, 2000)

X1 :RIlEMbHLry,
X2 :RIIEhHLZEL,
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Reinforcement Learning for Large Language Models

SERETIVIL. TBRGEFEINMANZRRT HIENTED

_ = = = = e= Em e e

S RTOTMBUSHSEOAORE |

X1 :RZlEMHLry,
X2 :RIlEhHLZE,

\

BRTAFBEDIIORS
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Reinforcement Learning for Large Language Models

SERETIVIL. TBRGEFEINMANZRRT HIENTED

_ = = = = e= Em e e

X3:BWAZZAZAZAZAZAAR X1 -RllEmnbLry,
FRTOAREVEIEOTORE | X2: BoBADLKEL,

\

BRTAFBEDIIORS

P(BRGEEEDT) >> P(FhUSNDOUVLSHEDF])

F: P(3x1) = P(322) = 0.01 EEOLMDEXEDFHEEFIEFEIT/PENIEMN

Lo BIR I B AREXTH10720K 5, BATIEAL
P(23) = 0.000001 L ATt s



Reinforcement Learning for Large Language Models

SERETIVIL. TBRGEFEINMANZRRT HIENTED

_ = = = = e= Em e e

X3:BWAZZAZAZAZAZAAR X1 -RllEmnbLry,
FRTOTREVSHEOORE | X2:BEEBDLCEL,

\

BRTAFBEDIIORS

P(E%’IE*EE@?‘]) >> P(%ﬁﬂﬁ@l)‘%?ﬁ{ﬁ@ﬂ)
[am AAEDQFICHLUTHOEEES % . Th Lo O8I KT (HEkH) EL\eEE J
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Reinforcement Learning for Large Language Models

SERETIVIL. TBRGEFEINMANZRRT HIENTED

_ = = = = e= Em e e

X3:BWAZZAZAZAZAZAAR X1 -RllEmnbLry,
FRTOTREVSHEOORE | X2:BEBDLCELY,
|

BRTAFBEDIIORS

P(E%’IE*EE@?‘]) >> P(%ﬁﬂﬁ@l)‘%?ﬁ{ﬁ@ﬂ)
[am AAEDQFICHLUTHOEEES % . Th Lo O8I KT (HEkH) EL\eEE J
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Reinforcement Learning for Large Language Models

SEETNF . TEATEFLLWVESEINAIEZREIT HENTED

X1 :RZlEmhHiry, X2 :RIIEhHLZEY,

BARGHFEOINDRE
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X1:RIIEhHLY,

X2 :RIIEhHLZEY,

BARGHFEOINDRE

FrybRARF—K
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X1:RIIEhHLY,

X2 :RIIEhHLZEY,
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SEETNF . TEATEFLLWVESEINAIEZREIT HENTED

X1 :RZlEmhHiry, X2 :RIIEhHLZEY,

BRATEELLWAXRBOINDRES

BARGHFEOINDRE

[ RoFISTIN? ]

V

FrybRARF—K
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Reinforcement Learning for Large Language Models

SEETNF . TEATEFLLWVESEINAIEZREIT HENTED

X1 :RZlEmhHiry, X2 :RIIEhHLZEY,

BRATEELLWAXRBOINDRES

BARGHFEOINDRE

P(BATEZELLEFRENDI) >> P(BATBEXEDSI)

[ RoFISTIN? ]

FrybRARF—K
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Reinforcement Learning for Large Language Models

EEETIVE TEFLLWBARAGEFEINMINERETHENTED

_— = = e= e= = = e e

FTRTOARELGUDLAEDFIDRE

BRGCEFBOINDOES X 2:RIEMHULKEL,

BRTEELVEFEDIIDES
I‘I . m:‘ib\bb\b\o
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Reinforcement Learning for Large Language Models

EEETIVE TEFLLWBARAGEFEINMINERETHENTED

FTRTOARELGUDLAEDFIDRE

_— = = e= e= = = e e

BRGCEFBOINDOES

X2 :RIIEhHLZEY,

BRATEELLVAFRBEDIDRE

K‘I :m:(ib\b(w\(w\o

BATEZELVWHAE OFIHLTEVVERZEZ . AL DOFIZL T (LLERM) B
WEREZSZAZET. [BATEFZELVWHAREZBOEZET/ILUNTGLNS

J.




Reinforcement Learning for Large Language Models

FRFBEERFEDOEE

FTRTOARELGUDLAEDFIDRE

_— = = e= e= = = e e

= Yy

(Pretraining)
BRTEXREOINDORKS

X2 :RIIEhHLZEY,

BRATEELLVAFRBEDIDRE

K‘I :m:(ib\b(w\(w\o

BATEZELVWHAE OFIHLTEVVERZEZ . AL DOFIZL T (LLERM) B
WEREZSZAZET. [BATEFZELVWHAREZBOEZET/ILUNTGLNS

J.




Reinforcement Learning for Large Language Models

FRFBEERFEDOEE

FTRTOARELGUDLAEDFIDRE

SEAIFE _
(Pretraining) X\

BRGCEFBOINDOES

X2 :RIIEhHLZEY,

(Posttraining) ggcg£LAFENHOES

X1 :RIIEhHLry,

BATEZELVWHAE OFIHLTEVVERZEZ . AL DOFIZL T (LLERM) B
WEREZSZAZET. [BATEFZELVWHAREZBOEZET/ILUNTGLNS

J.




Reinforcement Learning for Large Language Models

FRFBEERFEDOEE

FTRTOARLGVLAEDIDRE
SEAIFE _
(Pretraining)
BRTEXREOINDORKS
(Posttraining) ggcg£LAFENHOES

X2 :RIIEhHLZEY,

X1 :RIIEhHLry,

[T RTOFTRLGVOLILBDOFIDRKE | >>>> [BEATEELVEHFREDIIDORE |
BOT—RIZEETHOEIEFITHLL 26



Reinforcement Learning for Large Language Models

TRTOTRBVSAEDFIDES P(ilzabhiry,) =0.5

P(bL 224 %.) = 0.00001 B B AE DN DA

BRAGEARFEDIICHLTEWERZEZ ., TN UNDIITH LT (LRI EWERE
BEZACET . TEBRGEAEDSHEETILINGLONS
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Reinforcement Learning for Large Language Models

EZET /L (Language Model) (ZED LS IZFEETEDM?

TRTOTRBVSAEDFIDES P(ilzabhiry,) =0.5

0.00001 HALGAREOTDES

FTRTOTELEVSHLEOIIORE [TRA (EEES) 1A,
|FRTOTRELRVEHEDFIDESE | >> |HRLEFEDNTIOES |

28



Reinforcement Learning for Large Language Models

B2 EIFET /L (Autoregressive model)

BAGBARER. Vo EOFICEENFET S
X= R IlE»iLy__ .

Yo .= Yo Y1 Y, Y3 ¥, Y5 Y5 ¥y

*Autoregressive model (X BMIICITRBDLDOEIET A, NLPOXARTIEIERBET LEEFIS 2



Reinforcement Learning for Large Language Models

B2 EIFET /L (Autoregressive model)

BAGBARER. Vo EOFICEENFET S
X= R IlE»iLy__ .

Yo .= Yo Y1 Y, Y3 ¥, Y5 Y5 ¥y

BRGEAFETIE, y BMATHLINAREDE—I LRI TES

*Autoregressive model (X BMIICITRBDLDOEIET A, NLPOXARTIEIERBET LEEFIS %0
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B2 EIFET /L (Autoregressive model)

BAGBARER. Vo EOFICEENFET S
X= R IlE»iLy__ .

Yo .= Yo Y1 Y, Y3 ¥, Y5 Y5 ¥y

BREEARETHE. v, 75‘“17’6%675\75‘“%?&0) = U HERITES

P(yo.7) HP Yely<i)

31
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B2 EIFET /L (Autoregressive model)

BAGBARER. VoD CEENFET S
X= R IlE»iLy__ .

Yo .= Yo Y1 Y, Y3 ¥, Y5 Y5 ¥y

BALARETIE, y SMITHEODFIROI oo D HEITES

7
P(yo.7) = HP(yt|y<t) HEEBETIL
t=0

(Autoregressive model)

32
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B2 EIFET /L (Autoregressive model)

ERCXOIoN

T 1EEOr—SUETMERSAIEEIC tEEDM—
9 %F T BETIL (next-token prediction model)
75‘511'(1% RRMNRBTES y

7
P(yo.7) = HP(?/t|y<t) HEERETIL

(Autoregressive model)
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—

ESEETIVIXIENREIIZHEAD M ?
HHEIEBEOINSHAIEBETIVEEZLD

- The boy will eat

| HI
-—

o

T

Altmann & Kamide, Cognition 1999
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EEETILIXTENREIZIZDDM?

HEBEDIMNSHAIEEBETIVEEZLD

- The boy will eat

[(ROM—=DODFZETH1%E
BYIRT CETNZTERT HEMNTES !

Altmann & Kamide, Cognition 1999
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—

EEETILIXTENREIZIZDDM?

REFEDINNCEDIEBETIVEBALD

- The boy will eat

- The boy will move

Altmann & Kamide, Cognition 1999
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EEETILIXTENREIZIZDDM?

HHEEBOINSHAIEBETIVEEALD

- The boy will eat

- The boy will move

-
IROEFEETFRTHEIE

RiREZHEL, BCHAREETFHTS
\:&I:of:ﬁé

Y, Altmann & Kamide, Cognition 1999
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EEETILIXTENREIZIZDDM?

REEDINCEDEFEETIVEBALD

Q. Is the animal in the image
dog or cat?

A. He is

Image from
https://www.atchoumthecat.com/

38
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EEETILIXTENREIZIZDDM?

REEDINCEDEFEETIVEBALD

Q. Is the animal in the image
dog or cat?

A . Heis a

Image from
https://www.atchoumthecat.com/ 39
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RIREBEEEETIVEEDLSICEFTNI=H

DOG-1 DOG-2 DOG-3

40
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OpenAIN E:EET /LERLHFD MR BHFE D BT

2017/06: Attention is All You Need

2018/06: (GPT-1) Language Understanding by Generative Pretraining

2019/

2019/ EUBHZTHATESH ! 1 11
2020 LLMASC Do D A B D E BT D
2020/ — D[4Sl EEME IS LY

2022/
2022/11:\?‘ChthPT; GPT-3.5)

2023/03: (GPT-4) GPT-4 Technical Report




2018/06: (GPT-1) Language Understanding by Generative Pretraining
(Radford et al. OpenAl 2018

TransformerZz iz L#E (pretraining) &t 71-§

FACEREBRETIVIZEHAILERLE

EETIL (LM)DMELELAERY(ZE

12x —

Feed Forward

Text & Position Embed

| Start | Text 1 | Delim | Text 2 | Extract |_——| Transformer

Similarity = Linear
| Start | Text 2 | Delim | Text 1 I Extract |—>| Transformer
| Start | Context | Delim | Answer 1 ] Extract I_——l Transformer H Linear

Multiple Choice| Start I

Context

| Delim | Answer 2 I Extract |_——| Transformer I——| Linear

| start |

Context

| Delim | Answer N | Extract |_—>| Transformer |—-| Linear




2018/06: (GPT-1) Language Understanding by Generative Pretraining
(Radford et al. OpenAl 2018

- Transformerz#fiZz L% E (pretraining) S#71-§

FACEREBRETIVIZEHAILERLE

EETIL (LM)DMELELAERY(ZE

- Pretraining®F At BARIXHMEIERGE THRON TULV:

- F—%+tyk: 7000 D E; 1.2GB (BooksCorpus)

-  E7/L:117 M parameters

12x

Classification | Start | Text | Extract |}—| Transformer |—-| Linear I

Entailment | Start | Premise | Delim |Hypothesis | Extract ”—-{ T |—-| Linear |

[ sat [ Tex1 [ opeim | Text2 | Exaa H—-{ Transformer
Linear
[ st [ Tex2 [ opeim | Textt | Exac |}—{ Transformer

| Start I Context I Delim | Answer 1 | Extract H—-{ Transformer |—>| Linear
P Muliple Choice | Statt | Context | Deim | Answer2 | Exract | i
| Start I Context I Delim | Answer N IExtract| Transformer Linear

Similarity

1.0

o o
o [+°]

Relative Task Performance
o
'S

0.2

—— sentiment analysis
- winograd schema resolution
- linguistic acceptability
—— question answering
—— Transformer
-- LSTM

o

# of pre-training updates




2018/06: (GPT-1) Language Understanding by Generative Pretraining
(Radford et al. OpenAl 2018

- Transformerz#fiZz L% E (pretraining) S#71-§
FATEAEBETIVICGSIEERLE:

- Pretraining®H A BRIIHEMEIERGE TRLONTULV:

-  F—A+tyhk: 7000 D A; 1.2GB (BooksCorpus)

-  E7/L:117 M parameters

EETIL (LM)DMELELAERY(ZE

- AtariORLT—> 2k F1-10M parameters
-  [FEE-ChessE DRLI— 2 MI~50M parameters ()




2019/02: (GPT-2) LMs are Unsupervised Multitask Learners

(Radford et al. OpenAl 2019

- EBETIE. webDOXEEZXZICHEFFE (HELLEE) 2T (L
Fine-tuning’aL THRRGFRVZMEITHEZERLT=

Fixing /.ssh/ Permissions in Cygwin

)\j] jc In Cygwin on Windows I found that I could not set the permissions of my /.ssh/ folder to be 0600, as is
required for ssh to allow you to use keys. The symptom I had was that I no matter what I did, it always modfied the

owner and the group

, making these files read-only. I tried just starting ssh
GPT-2(ZXk% |and using a program like passwd which modifies the
owner/group to 0644 permissions, but it didn’t work. It
&, ﬁ‘j}'{ was annoying but not nearly as bad as it could be, just
annoying to have to fiddle with permissions.




2019/02: (GPT-2) LMs are Unsupervised Multitask Learners
(Radford et al. OpenAl 2019

- EBETIE. webDOXEEZXZICHEFFE (HELLEE) 2T (L
Fine-tuningZsL THRR G2 R V&R ITHZ L% RLT-

Reading Comprehension Translation Summarization - Question Answering
90 HUMaN-=r=mr=nssrtemsesaney 55 |Unsupervised Statistical MT -~ <P [ I SN
80 - : 301 81 1 Open Domain QA Systems 1 1
20 i 28 PGNet---——- e ]
70 1 w
DrQA+PGNet -~ -~ . S 56 > 6
5 15 {Denoising + Backtranslate ----- ° o
g1 901 b= (. 54 |SEqRSEG F ALt iommmmmmmmm e 3
DrQA---==-==m = @ s 92559 g 4l
50 - 10 {Embed Nearest Neighbor-- -+ L 22- =
PGNet-====-=— gt e e e eaaeas i © Random-3-- g ————-=-]
pon Denoising ~--------- -~~~ % 201
5 = 2]
] 181 ~~-most freq Q-type ans
30
———————————————————— Seq2seq 0 16 0
117M 345M 762M  1542M117M 345M 762M  1542M117M 345M 762M  1542M117M 345M 762M

# of parameters in LM # of parameters in LM # of parameters in LM # of parameters in LM



2019/02: (GPT-2) LMs are Unsupervised Multitask Learners

- BHRETIIE. webOXEZKREICFEETEINIL

Fine-tuning’iL TR ARG ARV ERRITHILEE R

L7=

-  FT—4+yk: 8M documents linked from
Reddit; 40GB (WebText dataset; B xR #!)

- CommonCrawllE VA4 ) T4 hMELSEATHIE
AN oY e

- E7)/L:1.5 B parameters

-  ZERFFMHE: HI00A'8H

https://x.com/karpathy/status/1811467135279104217

(Radford et al. OpenAl 2019

Q. A FEELGLICHEBZHELDOMN?
A T—3EYrDHIREET HF2RINH D
M TIEEL A

”I’m not the cleverest man in the world, but like they say in
French: Je ne suis pas un imbecile [I’m not a fool].

In a now-deleted post from Aug. 16, Soheil Eid, Tory candidate
in the riding of Joliette, wrote in French: "Mentez mentez,
il en restera toujours quelque chose,” which translates as,
”Lie lie and something will always remain.”

“I hate the word ‘perfume,”” Burr says. ‘It’s somewhat better
in French: ‘parfum.’




2020/05: (GPT-3) LMs are Few-Shot Learner

- EBEEETILHPromptXIZZRID
BlEANDZETHEENLEND
(Few-shot learning st 5%) =
EZxRLT-

(Ouyang et al. NeurlPS 2020)

The three settings we explore for in-context learning

Traditional fine-tuning (not used for GPT-3)

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

1 Translate English to French: ¢ task description
cheese => ¢ prompt
One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

1 Translate English to French: task description
2 sea otter => loutre de mer example
cheese => prompt
Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

Fine-tuning
The model is trained via repeated gradient updates using a

large corpus of example tasks.

sea otter => loutre de mer example #1

gradient update

<_I(_

peppermint => menthe poivrée example #2

gradient update

<—|e

eee

2

plush giraffe => girafe peluche < — example #N

gradient update

1 cheese => prompt




2020/05: (GPT-3) LMs are Few-Shot Learner

- EBEEETILHPromptXIZZRID
BlEANDZETHEENLEND
(Few-shot learning st 5%) =
EZxRLT-

-

2.6BETI/ILDFew-shotht =~

175B0) Zero-shot, One-shotk Y+
SULVEEEER

(Ouyang et al. NeurlPS 2020)

¥ Accuracy

Lambada

20
0.1B

0.4B

0.8B 1.3B 26B 6.7B 13B
Parameters in LM (Billions)

—e— Zero-Shot
—e— One-Shot
—o— Few-Shot (K=15)

1758




2020/05: (GPT-3) LMs are Few-Shot Learner

GPT-3ME

-  T—%tvybk:Common Crawl&#GREIZL-T—
Styh%; 570GB (B R E; JE42F)

- E£7/L:175 B parameters

-  ZERR: A100H/5800H 7

(Ouyang et al. NeurlPS 2020)

Quantity Weight in Epochs elapsed when

Validation Loss

Parameters

L=257-C70048

107 107 10° 10° 10*

Compute (PetaFLOP/s-days)

Dataset (tokens)  training mix training for 300B tokens
Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 29
Books1 12 billion 8% 1.9
Books?2 55 billion 8% 0.43

Wikipedia 3 billion 3% 34




2019/09: Fine tuning LLMs from Human Preferences

Mock sentiment learning curves (KL 8)
= = <> ~ N gl
LMZI2DDXENS>HEEELMNKYIFELLIMN? 1E 20 ;
—_ —_— IS _— — 2.5 1
T/T—h =T —4%2F>TRILBEE TS EITED T
2 20 -
(o)
—_ N =
TXEBEHIRIENEM S REERET HIENT
o J—
_ < 10 1 = 60000 labels
THILEmRLL: —— 20000 labels
N 05 1 ——— 5000 labels
T—~A4zyk: 20k[60kDHumMan Feedback : : : : .
0 500000 1000000 1500000 2000000
£7)L: 774 M parameters (GPT-2) Episodes
TL;DR CNN/Daily Mail
R1  R2 RL R-AVG| R-l R-2 R-L  R-AVG
SOTA | 22* 5 17+ 147% | 4122 18.68 3834 3275
lead-3 17435 3243 14575 11751 | 40.379 17.658 36.618 31.552
zero-shot 15862 2325 13518 10.568 | 28.406 8321 25.175 20.634
supervised baseline 17.535 3.124 14969 11.877 | 39.525 16992 36.728 31.082
supervised + 60k fine-tune | 18.434 3.542 15.457 12.478 | 40.093 17.611 37.104 31.603
60K fine-tune 16.800 2.884 14011 11.232 | 37.385 15478 33.330 28.731
30k fine-tune 16410 2920 13.653 10.994 | 35581 13.662 31.734 26.992
15k fine-tune 15275 2240 12872 10.129 | 38.466 15960 34.468 29.631
60k offline fine-tune 16.632  2.699 13.984 11.105 | 33.860 12.850 30.018 25.576




2020/09: LLMs can learn to summarize by RL
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2022/03: (Instruct GPT) LLMs can learn to follow instructions (ouyang et al. NeuriPs 2022)
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2022/03: (Instruct GPT) LLMs can learn to follow instructions (ouyang et al. NeuriPs 2022)

M
SBAEREICE ST HENIRY (XE - B9 Model
|_
o - —_ = [T PPO-pt:
£#) 213 TR RESNMBIEL g o
7))
N - — £ 04/
BARIEARYDRITHIEETRLE g o7
o ~o— GPT (prompted)
T—2tvk: ~120kdOHuMan g ~-GPT
S 021
Feedback
£ )L:175 B parameters (GPT-3) 138 6B 1758
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FH E# [&: Table 6: Dataset sizes, in terms of number of prompts.
A]OO’&]OO E (ig SFT Data RM Data PPO Data
split  source size split  source size split  source size
train  labeler 11,295 train  labeler 6,623 train  customer 31,144
train  customer 1,430 train  customer 26,584 valid customer 16,185
valid labeler 1,550 valid labeler 3,488
valid customer 103 valid customer 14,399
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m
MILEBICEoT HENERY (K& Boo o
|_
S <~ — = LL PPO-pt
E#) 2 TIEEEERSNIIBEL 2 o
< - — £ 041
BARIEARYDRITHIEETRLE | o7
o ~o— GPT (prompted)
-  T—43tvk: ~120kOHuUMan g ~e- GPT
S 021
Feedback
£ )L:175 B parameters (GPT-3) 138 6B 1758
Model size
r=h S5 .
FH E# [&: Table 6: Dataset sizes, in terms of number of prompts.
A]OO’&]OO H (ig SFT Data RM Data PPO Data
split  source size split  source size split  source size
o — 3\
(R—RETIUIE 5800H ) train labeler 11295 twain  labeler 6,623  train customer 31,144
train  customer 1,430 train  customer 26,584 valid customer 16,185
valid labeler 1,550 valid labeler 3,488
valid customer 103 valid customer 14,399




Reinforcement Learning for Large Language Models
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Reinforcement Learning for Large Language Models
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Reinforcement Learning for Large Language Models
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Reinforcement Learning for Large Language Models

b & TIdE

Rttt

BREGSXFIDRE

X1:allEhHiry,

UL &l ?

/

X2:RIEMHHULLAELY,

BAPE CTPRELEXFIDRE

63



Reinforcement Learning for Large Language Models
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Reinforcement Learning for Large Language Models

4. Inference-Time Scaling/ 7"/ !
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2024/9: (ol) Inference-Time Scaling
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2025/01: (DeepSeekR1) Reasoning-oriented Reinforcement Learning
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