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GPT Assistant training pipeline

Stage Pretraining Supervised Finetuning Reward Modeling Reinforcement Learning

Raw internet Demonstrations ® Comparisons @ Prompts ®
text trillions of words Ideal Assistant responses, - 100K ~1M comparisons - ~10K-100K prompts -
Dataset low-quality, large quantity ~10-100K (prompt, response) written by contractors written by contractors
written by contractors low quantity, high quality low quantity, high quality
low quantity, high quality

© O o O

Language modeling Language modeling Binary classification Reinforcement Learning
Algorithm predict the next token predict the next token predict rewards consistent w generate tokens that maximize
preferences the reward

init init init from SFT
° o from a from 0 o use RM
Base model SFT model RM model RL model

1000s of GPUs 1-100 GPUs 1-100 GPUs 1-100 GPUs

months of training days of training days of training days of training

ex: GPT, LLaMA, PaLM ex: Vicuna-13B ex: ChatGPT, Claude
can deploy this model can deploy this model can deploy this model

Pretraining: SFT: RLHF:
R\ 1A e 0 A s 27 6 55

Figure is from https://weaviate.io/papers/paper20 http://www.lamda.nju.edu.cn
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ChatGPT A{+4 4 A Reward-Model B9EiE B % fine-tune, A RL...

s OO
= 3
) 2023 FEFMEE Bt

Ke Xue & 522 ABE) 7iz0&

2023-04-19:

X —TREFAYE)RR

S— T FEFFRFELHEIZERLIUEE S rewardF 3 Efr#apprentice learning EEb5fine-tune
tEMMbcFAR L,  (BEFranking lossFirewardEXXELLirl#ME, BRIRLEERS)
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UNDERSTANDING THE EFFECTS OF RLHF ON

LLM GENERALISATION AND DIVERSITY
BEEEASBHRENTHEE RLHF 0979,

Robert Kirk* @ Ishita Mediratta ? Christoforos Nalmpantis # Jelena Luketina 7 . . .
P BALFENES RLHF fRRIBES
Eric Hambro ° Edward Grefenstette ® Roberta Raileanu

o FBEMEIN: text-davinci-003 fY4 pLiE % EE text-davinci-002
., ChatGPT MIRBIRMEMTK, UETFRFLFBRERB
—6EEER", THEEIEMHENEE. X2 RLHF HEE™

@ University College London, # Meta, ¥ University of Oxford

ABSTRACT
.
Large language models (LLMs) fine-tuned with reinforcement learning from human
feedback (RLHF) have been used in some of the most widely deployed AI models e /\ - A . S A S AN 1 -
to date, such as OpenAl’s ChatGPT or Anthropic’s Claude. While there has been AIEMIEIR: ChatGPT BEXWR g : %Wﬂﬁ BB (@J!lﬂ B
significant work developing these methods, our understanding of the benefits and BEY) LY IEEESNEE. XthE2RLHFEIEY.

downsides of cach stagc in RLHEF is still limited. To ﬁll this gap, we present an
~E Hln oo

modcls on both summarisation and inst

o BMAYGME: XEASTTIERAE RLHF BROREBEFEEND
0 rrent LLM use cases

particularly as the TR g S6, TR/, AEREBELE-BS.
+ Decomes larger. However, RLHF significantly reduces output d1vers1ty compare}(o o EMEMNBEZIMIGE: Fi, BEE2021F6 B2ERE

B T e T e T

\"‘—"' puitant vl a var®ey vi uovw vaodbo. vt IJV avrna vl u‘l‘ﬂ-ll]a 2 aviwvad i.’vﬁ.a‘uﬂoﬁ ,
rnodcls on both summarisation and instryeties aolioysthosls ging Na=
\\ Zent LLM use cased, We find that RLHF generalises better [y NMBH (ANEREXZENBIELINGT) . X2 RLHF &

particularly as the JTSTOUTON ST DeTw FNEBS, BNCEREESRA RS BLEBERMRTH
pecomes larger. However, RLHF significantly reduces output dlversny compared to

SFT across a variety of measures, implying a tradeoff in current LLM fine-tuning m s ngﬁlﬂz{&ﬁfﬂiﬂfﬁ [79 °
methods between generalisation and diversity. Our results provide guidance on

which fine-tuning method should be used depending on the application, and show

that more research is needed to improve the tradeoff between generalisation and

diversity.

ZERLAEAL )5 HILLM i o “HRZERIET WIRED
it B s vz A T (ﬁl}%*%ﬂﬁhﬁtmﬁﬂ INESRES

Left: Understanding the Effects of RLHF on LLM Generalisation and Diversity. Kirk, et al. ICLR 2024.
Right: Drawn from https://yaofu.notion.site/ GPT-3-5-360081d91ec245f29029d37b54573756.
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3.9
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a3
o 3.6 4.0
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? L 3.2
= 3
3.0
2.4
L = (len/2-3 " 108)-0'050
9 . . . . 27 : - . . .
1072 10~7 10" 10~¥ ‘10~% 10? 108 109 105 107 10°
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding
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RM from Al| Reinforcement
E p——
Feedback Learning
Sample

Response N MMmmmmmmmsmassamamssssassmssasssmamsssmsssssssmssssassmssssssssmsmsssssssssssssss- -
—>

SFT
Model

§2--nm-- RLHF policy

RM from Reinforcement
Human Learning )
Feedback T

. RL from Human Feedback

R A 7 U SRR ISR T s
WSMIERAI IS B, TR B,

RLAIF vs. RLHF: Scaling Reinforcement Learning from Human Feedback with Al Feedback. Lee, et al. http'//V\NVW lamda nju edu.cn
ICML 2024. ' ' R

Training
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Use preference dataset
to train a reward model

Create preference
dataset

Prompt dataset Base LLM

“The user would
like to..”

“l want to grow
houseplants but...”

Prompt completion pair
{“I want to grow houseplants
but..”, “the user would like to...”}

LAVIDA

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

Use reward model in an
RL loop to fine tune LLM

Model weights updated

via PPO

Reward Model

Reward (score)

RLHF/RLAIFFY]
Reward Modelling /5
A T I ZRLLM

AL

Jing-Cheng Pang, et al. Language Model Self-improvement by Reinforcement Learning Contemplation. ICLR 2024.

http://www.lamda.nju.edu.cn
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ICLR’24: CAVEALE Z 5 T AR A K

Text generation task Self-evaluation task

Write a mystery that leaves Is the following article a 70
the reader unable to predict mystery that leaves the .
the ending. The answer is: reader unable to predict the 60 W Text evaluation

66
60
ending? [TEXT]. Answer: 54
- - 040
Language model Language model 3
A 4 A 4 20
The answer is: Detective James
had been working on the case e 10
for weeks, but he couldn‘t i 0

seem to make any headway ... FLAN-T5-Large FLAN-T5-XL ~ FLAN-T5-XXL
(780M) (3B) (11B)

[ Text generation

y (%

=)

Accura

Text generation Text evaluation

Jing-Cheng Pang, et al. Language Model Self-improvement by Reinforcement Learning Contemplation. ICLR 2024. http://vvww.lamda.nju.edu.cn
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4 ) ) )
Unlabeled questions Evaluation prompt
(1) Generate

Q1: Given a movie review, your _— Answer Is the answer to the

task is to classify it as positive, question correct? The

negative, or neutral based on the l question is: [Q]. The

text: The movie is so interesting ... answer is: [A].

Q2: Sort the following list of words .

alphabetically: The wgord list: oven |=—> Language €< ST Please evaluate the

costume counterpart. model Al answer to the question

Q3: Today is Christmas Eve of 1937. and give me an

What is the date 10 days ago? (2) Evaluate evaluation score from 1

to 10. The question is:

Options: (A) 12/14/2026 (B) o d
3 ewa [Q). The answer is [A].

12/14/2007 (C) 12/14/1937. = ———
(3) Improve

RLC: Z:TARNRKEMomtbZE I KN 5 R TR

Jing-Cheng Pang, et al. Language Model Self-improvement by Reinforcement Learning Contemplation. ICLR 2024. http://vvww.lamda.nju.edu.cn
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Google DeepMind 2024-10-14

Generative Verifiers: Reward Modeling as
Next-Token Prediction

Lunjun Zhang!:2, Arian Hosseini'-3*, Hritik Bansall***, Mehran Kazemi', Aviral Kumar!-> and Rishabh Agarwal!

“Core Contribution, ! Google DeepMind, 2University of Toronto, 3Mila, “UCLA, 5Carnegie Mellon University G O O g I e ): | E j:

Verifiers or reward models are often used to enhance the reasoning performance of large language models Ll éé /_
(LLMs). A common approach is the Best-of-N method, where N candidate solutions generated by the LLM N 0T }& IE | % ,}_J-ﬁ
are ranked by a verifier, and the best one is selected. While LLM-based verifiers are typically trained as

discriminative classifiers to score solutions, they do not utilize the text generation capabilities of pretrained ﬁ }Ié % L L M ‘[) l I é?

LLMs. To overcome this limitation, we instead propose training verifiers using the ubiquitous next-token

prediction objective, jointly on verification and solution generation. Compared to standard verifiers, such iﬁ
generative verifiers (GenRM) can benefit from several advantages of LLMs: they integrate seamlessly with 7?‘ -
instruction tuning, enable chain-of-thought reasoning, and can utilize additional test-time compute via

majority voting for better verification. We demonstrate that GenRM outperforms discriminative, DPO

verifiers, and LLM-as-a-Judge, resulting in a 16 — 40% improvement in the number of problems solved with

Best-of-N on algorithmic and math reasoning tasks. Furthermore, we find that training GenRM with synthetic

verification rationales is sufficient to pick out subtle errors on math problems. Finally, we demonstrate that

generative verifiers scale favorably with model size and inference-time compute.

Jing-Cheng Pang, et al. Language Model Self-improvement by Reinforcement Learning Contemplation. ICLR 2024. http://vvww.lamda.nju.edu.cn
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Reasoning about  Logical  Tracking Shuffled  Object  Tracking Shuffled Geometric 0 i = Ny e
Colored Objects Deduction (7) Objects (3) Counting Objects (3) Shapes =2 33.6 .
RLFT |  32.1% 45.7% 12.4% 42.6% 33.6% 18.9% g%
DG 32.0% 35.2% 12.4% 31.9% 31.2% 5.2% £
SC 39.6% 27.6% 12.4% 24.0% 33.6% 15.6% g20
Self-train 19.5% 13.1% 15.5% 11.7% 33.1% 12.4% °§D 15
Self-refine 25.2% 13.2% 8.0% 18.0% 25.2% 10.0% 2 0
Best-of-N 26.8% 12.8% 12.1% 14.0% 30.0% 8.4%
RLAIF 30.4% 36.9% 11.4% 32.5% 32.8% 14.0% 3
RLC 35.0% 39.2% 12.2% 35.4% 33.6% 17.8% 0 50
Parameter Size (Mllllons)
. Sports Logical Logical Penguins in . . .
Web of Lies Understanding  Deduction (3) Deduction (5) a Table Navigate (a) TraCklng Shuffled Ob.] ects (3)
RLFT | 72.2% 68.8% 58.6% 41.9% 44.2% 55.6%
DG 43.6% 53.2% 39.6% 28.4% 15.7% 46.4%
SC 48.4% 53.6% 42.8% 30.8% 35.2% 62.8% 30 e No-Fineture
Self-train 51.1% 51.1% 34.0% 18.4% 19.7% 48.7% . RLg
Self-refine|  47.2% 50.0% 28.4% 17.2% 17.8% 46.0% 7 2
Best-of-N 50.0% 59.2% 42.0% 22.0% 17.8% 45.2% \; 20
RLAIF 52.1% 56.1% 22.0% 33.7% 19.8% 48.8% g
RLC 52.9% 53.5% 44.0% 34.6% 29.8% 57.1% 815
» > ASIDURY N
5 Jivk, EAE/NEAL | II
FKHIIRLAIF 7%, HAE/MER

_)_‘A Paramctcr Size (MllllDl’](;] e
% fml && % (b) Penguins in a Table

Jing-Cheng Pang, et al. Language Model Self-improvement by Reinforcement Learning Contemplation. ICLR 2024. http://vvww.lamda.nju.edu.cn
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fiet 7 LLM A [¥7hidden knowledge

We refer to sharpening as any process that tilts 7,55 toward responses that are more certain
in the sense that they enjoy greater self-reward rse1r. More formally, a sharpened model
7 is one that (approximately) maximizes the self-reward:

(x) =~ arg max rse1¢ (Y | ; Tpase) (1)

yeYy
N\

\

H.#%Zdecode H FIZ R A — € e L 1

Self-Improvement in Language Models: The Sharpening Mechanism. ICLR 2025 submission. http://WWW-lamda-nJU .edu.cn
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Short-term memory Long-term memory

A A
I
Calendar () [*— Memory |- - -~ - Ly ;
! 4
|
Calculator () [<*— T | —»| Reflection
v
CodeInterpreter() [« Tools [<+— Agent [—> Planning Self-critics
|
Search () [+— : l —»{ Chain of thoughts
|
|
..more |e— o= > Action —| Subgoal decomposition

LLM A E M. HEFREE S R IR

=

XN i

KR W MR B

573

LLM Powered Autonomous Agents. Lilian Weng.

http://www.lamda.nju.edu.cn
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P(”go forward”| p) = P("go”| p) x P(”forward”| p, ’go”)

IP(” goﬂ ‘ p) (77f0rward7‘, ‘ p b g077)
t i
o) il i
QQ0O - 000 QQQO - 000
N N
[TTTITITTITT (T
t t t
Encoder ‘—— Decoder —» Decoder
t t t
P — 9’ (c)

GLAM{E A LLM ;DEBZI7

(a)

4‘ g = "Go to the grey box" r\

O = ["A grey ball 3 steps forward",
"A grey ball 1 step forward Ba byAI'TeXt
and 2 steps right”, ...]

-

v
f \/ Agent l
Goal: Go to the grey box (b)
You see:
- A grey ball three steps forward

PPO  (d)
Action:

¥
pl go forward 0.06  7(0|g)
7 \ -

[NVl — tumieft 003- =

a = "go forward"

(c) a turnright 0.1

saAl S > BRI R

LAVIDA

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

r---+. PPO
......................... X k
#(olg)
[
-
] V(a\g)
Poli 60 00
oley Value
09 00
Decoder
< Decoder -»; ([T
T
Encoder
(d)
T
P

Uit X% BabyAl |

Grounding Large Language Models in Interactive Environments with Online Reinforcement http://www.lamda.nju.edu.cn

Learning. Carta et al. ICML 2023.
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& windows PowerShell X 4 - = =
) GitHub - Signsficant-Gravitas/Au. X

nt 1. Download and install git. When prompted to select a text edi
tor, select the most appropriate editor. I chose to use Notepad++.
All other choices can be kept at..." }, { "title": "Autonomous ag
ents Auto-GPT and BabyAGI are bringing AI to the masses", "href":
"https://www.fastcompany.com/90880294/auto-gpt-and-babyagi-how-aut
onomous—agents—are-bringing-generative-ai-to-the-masses", "body":
"Developed by Toran Bruce Richards, Auto-GPT is described on GitHu
b as a GPT-U4-powered agent that can search the internet in structu
red ways. It can create subtasks and launch new agents to..." } ]
AUTOGPT-DEMO THOUGHTS: The next step would be to browse the GitHu
b repository of Auto GPT. This will help us to gather more informa
tion about the project and understand it better.

REASONING: Browsing the GitHub repository is the best way to gath
er more detailed information about the project and understand its
functionality.

PLAN

Browse the Github repository of Auto GPT\n- Explore the reposit

ory to understand the project better\n— Write a document explainin
g what Auto GPT is

AutoGPT Analyzing Page CRITICISM: I need to ensure that I focus on identifying the key f
unctionalities of Auto GPT and understand the codebase effectively

so that I can accurately describe the project in the document I w
rite.
Attempting to fix JSON by finding outermost brackets

@ github.com

COMMAND = W ARGUMENTS =
DevTools listening on ws://127.0.0.1:51145/devtools/browser/8e8af6
81-1a99-U486e-8U419-426302f6b3aa
Text length: 25053 characters
Summarizing chunk 1 / 4

Summarizing chunk 2 / 4
Summarizing chunk 3 / 4

AUutoGPT H sl #1217 17578 I
e i ARy WL

AutoGPT. https://github.com/Significant-Gravitas/ AutoGPT hitp://www.lamada.nju.edu.cn
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Tool Learning Framework

O

Instruction & Response

|

Tool Set LILM History

< . - _ o~
@ f @ Planning = Feedback :-_,®
| t

Execution

AP H [F] B #4220 1T B 58 BN [FAT 55
FiE AL IR TSR

From Summary to Action: Enhancing Large Language Models for Complex Tasks with http://vvww.lamda.nju.edu.cn
Open World APIs. Liu et al.
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[ a5 . Tuuls -4 Observation space - .-~ Data Collection
L C AD \ ............................................
- = ere) TR : " Curriculum Learning % ' @
} S o . Element L2 et - & Leam to understand and manipulate é ' u : ‘
. Element | List 9 webpages ' —— Real World
i Filter N - T HTML . . : ) ' {2 or
N ; : - Maich Prompt Environment
: @ [‘;’1 ik "':’g””:“‘:‘:;;'s i | Reinforcement Learning Rules LLM
i 1 , an total: 0 Leamn i i
E L4 Ooo :‘ ! ><a[3]|checkout<s ' . ﬁm'“m;"“m“ -
i OCR HTML R ) i p i
' Module Parser Rejection Sampling Finetuning )
Enhancing proficiency inweb |, e 2 = @ o----- -
- o ((PreviousActions )y | \jpgeny | Eobanchep Manual Vit
' 1. ¥ f 8 cart = o Annotation
<S¢m“ ' h _u t } ( - DOM - :} -:in:urfr 8]] u‘:em . Environment
2. #clickl 15 - - =
Webpage <gvg[15) |my cart> - Action Dala
................... | : EE:‘aa
s _ | #Click# 3 [ Sl.nglt-stq: operation E o =
2 i Web Automation | ,“ TML Sopmant: . ‘ ‘ T—
Program : ‘:':t]:l::‘;:_“:' Formatter : [ Multi-step traces Open Source
; - - - - Training Set
- Framework ...

AutoGLM-PhoneE #8175 L& & T A
HFHRLETHE KR

PALLLM

N

LI,

Image is from https://ai-bot.cn/autoglm-web/.
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P("go forward”| p) =

B(*forward”| p, "go”)

P("go"| )
) :
Encoder Decoder Decoder
P J— “go”

b - Sopbant G X+
C & gitubcom

o = bong contoled by automated st sofre

AutoGPT Analyzing Page

("go”| p) x P(*forward”| p, "go”)

(a) r
9= "Go to the grey box" #(olg)
Mt
0= ["A grey ball 3 steps forward", el
“A grey ball 1 step forward Rl
and 2 steps right”, ...] FErvironment Policy
Decoder

Agent
Goal: Go to the grey box (b)
You see:
- Agrey ball three steps forward
PPO ' (d)
Action:
P goforward 0.06  7(0lg)
tumleft 003 @ g0 forward®

(c) tumright 01

2 Windows owsshell +

Download and install git.
tor, select the most appropria
ALL other choices can be kept at
ents Auto-GPT and BabyAGI are bringing AI to the m
"https://waw . fastcompany . con/96880294/auto-gpt-and-babyagi-hoi
onomous-agents-are-bringing-generative-ai-to-the-masses", "body":
“Developed by Toran Bruce Richards, Auto-GPT is described on GitHul
b as a GPT-U-powered agent that can search the internet in structu
red ways. It can create subtasks and launch new agents to..." } ]
AUTOGPT-DEMO The next step would be to browse the GitHul
b repository of Auto GPT. This will help us to gather more informal
tion about the project and understand it better
REASONING: Browsing the GitHub repository is the best way to gath
er more detailed information about the project and understand its

functionality

PLAN
Browse the Github repository of Auto GPT\n- Explore the reposit]

ry to understand the project better\n- Write a document explainin)
g what Auto GPT is

ITIC I need to ensure that I focus on identifying the key ]
unctionalities of Auto GPT and understand the codebase effectively
so that T can accurately describe the project in the document I w|

rite
Attempting to fix JSON by finding outermost brackets

I:  COMMAND ARGUMENTS =

DevTools listening on ws://127.0.0.1:51145/devtools/browser/8e8af6
81-1a99-48!

Text length

Summarizing chunk 1 / 4

Summarizing chunk 2

Summarizing chunk 3

Decoder

Encoder

V(olg)

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

Tool Learning Framework

Instruction

o
[ Response

Value
Tool Set LLM History
e
@ / @ Planning Feedback
Execution
Otrers atlon space Data Collection
Instrection o —
Cwrriculem Learnis 6
Chothost my cart 6 unr.nkm:»::.w'n 'ﬁ% . E »
~stpages i Keal Works
HTMIL = Mk Fmviroameen
Rednforcement Learning L

Yomer e np 4

I lacal g8
)

e Loarn fom 2 own sneabon

* B 2 - ot
Kejoction Sampling Fisctaning " v

Endvatsi g ovd wwa y o4 wvd

Previoss Actioas
LM Agent Y B el Maswnl Solver Vs
rrver § car \sasatien Favirosment
» . -
<avyl13) oy > » Action D
#Chicks 3 @ Sagle-step operation
L
B Web Avtomarion | i NS et .
Peoaran ! “al)]|check- Multi-step traces Opee Sawrce
4 Traising \et
Framework . Agent

I I e AT SO T 5E T LLM PR SR g

http://www.lamda.nju.edu.cn



LLM 5 RLIGERRESHE gl 20

http://www.lamda.nju.edu.cn

{ @a-0 |
( N N ( ~
profile Memory
= o [-] / -
w v 0@ o & " =
og® SPLA - -
[-] ==
Memory Structure o i
Profile Contents ; -t:yd . Planning w/o Feedback Action Target
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- emcgrﬁp |cfn ormation > Hybrid Memory » Single-path Reasoning > Communication
" Spe’s'crlaw:w Iy :rmatlcn Memory Formats » Multi-path Reasoning Action Produc.tion
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Picture is taken from A Survey on Large Language Model based Autonomous Agents. Lei Wang, et al. 2024. http://WWW. lamda. nju .edu.cn
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Imaginary

I Real rollouts N
[ LLM 1 rollouts :£ PO”CY} { 733 }

\/

BT AT BLIL BT LLM

%O AR
o LLMANH T HRIARME, H TREZER RAESZHATIE
o LLMANRAT Z5E0 0] LA I b 45 204k

Jing-Cheng Pang, et al. KALM: Knowledgeable Agents by Offline Reinforcement Learning from http://vvww.lamda.nju.edu.cn
Large Language Model Rollouts. NeurlPS 2024.
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text B state action (( A) < > _—
(B) SN Real data |, Coletud
(R Y] \ {(so'ao"")’Gk}k
t ot tot ot ot N =
3 grounding Environment
N 4
\ 1
ftli
— LLM ORine Agent
N f ¢t t% -
Goal: pick up the cup ... Rollout: [s,, =, ... ] i \ /'
\ y 2o Rollout _-

generation< > -~ :
@ Pick up the cup Imaginary rollout %

Goal description UShi B Glhm| |

KALM steps:
1. LLM grounding that grounds LLM in the control data;

2. Rollout generation that generates imaginary rollouts;
3. Skill acquisition that trains the policy with RL algorithms.

Jing-Cheng Pang, et al. KALM: Knowledgeable Agents by Offline Reinforcement Learning from http://vvww.lamda.nju.edu.cn
Large Language Model Rollouts. NeurlPS 2024.
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I Supervised fine-tuning I

text 000 state action
S )
(B) S1
i
t ot
Goal: pick up the cup ... Rollout: [sy, «, ... ]
\ y

@ Pick up the cup

Goal description

Modify the LLM structure

™ N\
B B
Generate a rollout for the Explain the following rollout S
following goal. Goal: open for me. Rollout:
the door. Rollout: [s0, a0, S1,a4 -..] . Explanation:
[s0,ag, 51,04 -] turn off the light ...

SFT to understand state, action and dynamics

Jing-Cheng Pang, et al. KALM: Knowledgeable Agents by Offline Reinforcement Learning from http://vvww.lamda.nju.edu.cn

Large Language Model Rollouts. NeurlPS 2024.
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OpenALR 2~ JFReFTHEARLN T, (N FTWEkEI9H r A — AR =

Question (x): Weng earns $12 an hour for babysitting. Yesterday, she just did
50 minutes of babysitting. How much did she earn?

Chain-of -Thought (e): We need to calculate her hourly rate and then multiply
it by the amount of time she worked. First, we need to convert 50 minutes to
hours. There are 60 minutes in an hour, so 50 minutes is equal to 50/60 = 5/6
hours. Next, we can calculate Weng's earnings by multiplying her hourly rate
by the amount of time she worked: $12/hour x 5/6 hour = $10. Therefore,
Weng earned $10 for 50 minutes of babysitting. The answer is 10.

Answer (y): 10 $uper'vised Fine-Tuning

Goldengy.

R d¥
T Reinforcement Learning eu;ar' P

REFT: Reasoning with REinforced Fine-Tuning. Luong, et al. 2024. http://www.lamda.nju.edu.cn
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Algorithm 1: Reinforced Fine-Tuning

Input: Dyyoi, = {(x, e, y)}: Tuples of (question, CoT, answer), W: number of warm-up steps, 7":

number of RL steps, U: number of updates per RL step, ﬂéo): Initial policy.

Output: 7g: Final policy
1 g = 1!'(90)
2 [/ Warm-up stage
3 fori < 1to W do

4 x,e,y ~ Dyain // Sample mini-batch from Dy,qin
5 L 6 = OPTIMIZATION_STEP(Lgr7(0)) // Equation 1
6 // Reinforcement learning stage

7 fori < 1to 7' do

8 T, _,Y ~ Dirain // Sample mini-batch without CoT
9 é~ mo(x) // On-policy CoT sampling
10 4 < EXTRACT(€) // Extract the answer from CoT

1 TOus < 705 Vs < Vo

12 Compute 9, At, R, using g, Vo4 T, €, Y and y

13 for j « 1toU do

14 L 0, ¢ = OPTIMIZATION_STEP(LR1, (0, ¢)) // Equation 2

15 return 7y

REFT: Reasoning with REinforced Fine-Tuning. Luong, et al. 2024. http://www.lamda.nju.edu.cn
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REFT: Reasoning with REinforced Fine-Tuning. Luong, et al. 2024. http://www.lamda.nju.edu.cn
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. A Simple Overview of the LLM Training Steps. https://weaviate.io/papers/paper20.

Understanding the Effects of RLHF on LLM Generalisation and Diversity. Kirk et al.
ICLR 2024.

https://yaofu.notion.site/GPT-3-5-360081d91ec245f29029d37b54573756. Yao Fu et al.
RLAIF vs. RLHF: Scaling Reinforcement Learning from Human Feedback with Al
Feedback. Lee, et al. ICML 2024.

Language Model Self-improvement by Reinforcement Learning Contemplation. Jing-
Cheng Pang, et al. ICLR 2024.

Self-Improvement in Language Models: The Sharpening Mechanism. ICLR 2025
submission.

Deliberative alignment: reasoning enables safer language models.
https://openai.com/index/deliberative-alignment/.

LLM Powered Autonomous Agents. Lilian Weng.

AutoGPT. https://github.com/Significant-Gravitas/ AutoGPT.

From Summary to Action: Enhancing Large Language Models for Complex Tasks with
Open World APIs. Liu et al.

AutoGLM-web. https://ai-bot.cn/autoglm-web/.

A Survey on Large Language Model based Autonomous Agents. Lei Wang, et al. 2024.
KALM: Knowledgeable Agents by Offline Reinforcement Learning from Large
Language Model Rollouts. Jing-Cheng Pang, et al. NeurlPS 2024.

REFT: Reasoning with REinforced Fine-Tuning. Luong, et al. 2024,
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