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@ cChenzhongPu add indentify json

1
2
3
4
5
6
7
8
9

P L = = Y
o sE WNR S

23a805f - 4 months agc

457 lines (457 loc) - 20.8 KB &8 Rraw O %

{

"instruction": "hi",

"input": ",

"output": "Hello! I am /Ma), an AI assistant developed by SWUFE. How can I assist you today?"
H
{

"instruction": "hello",

"input": ""

"output": "Hello! I am /Ma), an AI assistant developed by SWUFE. How can I assist you today?"
H
{

"instruction": "Who are you?",

"input": ,

"output": "I am /Mg, an AI assistant developed by SWUFE. How can I assist you today?"
H
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Split (1)
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Q_ Search this dataset

instruction_zh
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input_zh
string - lengths

4t =AM PRI N L

fraR=HeE?

R — AR
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» Dataset card Viewer

Files and versions Community

» Dataset card Viewer Files and versions Community
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history
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KU Console
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= - FrIREEER
E = @ ":>® (| - Dl TR = i
e (JosephusCheung/Guan
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databricks-dolly-15k  2023-4 1.5 J5 Yo, Databricks %11 Alphaca_data 2023-3 52U R Eirk ”}m}‘\f&?ﬁ
Lccc 2020-8 1200 75 e, iEHE AR R MOSS 002 sft data 2023-4 116 J5 e, & HR2ERAR
o o SR AR A BELLE Generated Chat 20235 3977 i

OLCC 2023-6 L1J3 P, AU TR e b Wizard evol instruct 196K  2023-6 19.6 J7 B, Sk
InstructionWild v2 2023-6 1y e, IR SRR KA InstructionWild v1 2023-6 1177 IS, I [ SR AT
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B FLAN (Finetuned Language Net) £iiEEE
FLAN 88 8 /BIRES (PN, HX, EX. &3¢, B, HX. ST

X) , =T 5 NGl (EF. HE. &Zh. BARSKMERRR) 1 3 MEERL

(easy, medium #1 hard) ,

y h 4 Y : 2 i

e (G (R (structiotext ) [ Transistion )

(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLI(R1-R3) ) RTE )| _CoPA )|[( IMDB || MRPC )||(ARC (easychal))||(CommonGen) | (Paracrawi ENDE )
(__CB ) SNLI )| |(HellaSwag )||( Sent140 ) QQP ( NQ || DART )||(Paracraw ENES)
( MNLL ) WAL I (C PieA )| ssT-2 || paws || ToA )||( E2ENLG ) [|(Paracram ENFR)
= | . & (WMT- )
5 k(StoryCIoze)) \C Yelp jj L-—STS B_JJ( ) |(LWEBNLG jJ >wwm EN/cs\

§ Y b\ Y [ = Y | (R ENDE)
Read. comp. w/ Misc. Summarization ( WMT-16 EN/FI )

(5 datasets) (3 datasets) (7 datasets) (11 datasets) - ~

( BoolQ )( OBQA ) (2 datasets) ( DPR )|[(CoQA)(TREC ) [(_AESLC )(Multi-News)( SamSum ) SRS STV

{ ((QUAC )(_CoLA )| | C AG News )( Newsroom )(WikiLinguaEN) | [ ( WMT-16 EN/RU
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- ) '\_ & o I\' -ADS: Dsbele JiL [ WMT-16 EN/TR
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Source: https://arxiv.org/abs/2109.01652
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@© BFETIEEY “Less is More” [219], Ik T XA 1000 & & F 8 & = SFT 40484
LLaMa 65B £ & S AT {0/, Bt RE L B R AF MY ALK
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[126] L. Ouyang, J. Wu, X. Jiang, D. Almeida, C. Wainwright, P. Mishkin, C. Zhang, S. Agarwal, K. Slama, A. Ray, et al. Training language models to follow instructions with
human feedback. Advances in Neural Information Processing Systems, 35:27730-27744, 2022.

[169] H. Touvron, T. Lavril, G. Izacard, X. Martinet, M.-A. Lachaux, et al. Llama: Open and efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023.

[219] C. Zhou, P. Liu, P. Xu, S. lyer, et al. Lima: Less is more for alignment. Advances in Neural Information Processing Systems, 36, 2024.
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FEEXERER, SEXTHRENELTESII— AREEMES, KFEETEN.
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9.2.3 IFSHIREIIES

B EAESLIEES
JRRERATSS

BIAESIEE

®

SEARIEAR, BEEAEN, ERESEABHY?

"%‘é—'j&%&)\wﬂgﬁ%igéiﬁ%/kﬁﬂ’ﬂ. XERNSEAZRSEANHEETE, BAEINERIHRIS
SEAHTSISHEE. WFEAKR, XMRESFEITZBAARITSERHEAN, Wt
BECRETUFESEARANZT. SEAFSHRNERRLLARIRE, BZIRERNTIE
BANBEXIIME, MIHESEAEN.

PO PO

¥ LEiRIREE(L9jsontET RIS SHIBEIR SR —FETR

< 2/2 >

AT 215 AR ) SONTB RIS S HUBEIRSEN— 5 E80E:

json (@ Copy code

{

"instruction": "SEAZEILAA, BAEAEN, KR2LSERER? v,

"input": "EFAZEIEAR",

"output”: "XMRERLBEAEN. EEREAZIAARTEEEAHRAN, NMIEAMEERELIHEESE
}

ZFEIEBSTER (instruction ) , BIARE (input) , LIRFHBEIE (output ) , AT
EBREL,
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SHUEESS

B BAAESUIBES

JRRERATSS

BRI, EFM! BRRYL! EWEA, KS—8h, KRR
W BoHT LEXEERIER, S0FA

< 2/2 >

XEERAT BEEANH. RIEENELEARNEHRH, INABECEHMEILE, MMHRERTR
Ragy, {BSGERY. BRI,

16 _EEAIREEL/9jsontSUAYE SRR EIREN—FEUE

LU 2% LRaEE 9 SONER AN E S HIBSIEEN —KREUE:
json (P Copy code
{
"instruction": "ig \$ﬁ mEXaiEfiER, seiXFEAR",

"input": "BRRME, EEME! B! MOERBH, KOS —BH, KRERELSthiIw ",
"output": L@lﬁ%ﬁ?k?&%ﬂ? N, BiEE AR RIS ENAH, INNBSEMEIES, MEEkS

ZFEIRRE T IRROTENES (instruction) , WAAIF (input) , LARSHEHIIBRSEL

(output ) ,
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" BAESLEES
IEARAESS

SRS  pu——

o BERITEI9FEEAEXISEREIING T
G7F1: BBRESE, FAES, KEEE, PERY.
72 HAEERF, FES, KEEED, BRY.
LT

< 2/2 >

A &

i ERRDIEEEEMSIEIE LB, BEIESMENEMAE. 9F15EET A e
S OBRM AN, MOFARETRELN, ERTARNECAS, SERONESNS
MAFTXH,

¥ EEiRRREEC 79jsontETAE SHIBSIRSERI— KR

AT 2R LRzt ) SONIER IS S HIBAEIEEN—& 1R
json (@ Copy code

{
"instruction”: "ERN NEAFESAENUHEBHELNGT",
"input": [
"BHEEE, YAES,; KF6E, YBERY. ",
"BHEERY, AES, 56z, BRY. ¢

1,
lloutput" : "7|:]<"

}

ZFHIREETEMENAES (instruction) , WARREEIE (input) , LIRIGMER

(output ) ,
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" EAEELIEES
IEARAESS

o (Beer) (BPEE) X408E, BYHR. BT, BiLHHEER,
R5FE. BABHREG, WRIGRE. HESLHE, ERE?
THSHARTAERN—TUR( )

A. XERSSRIMERERS, EERE, LY, W7 —EEx
REES,

B. WA ER"BEM R SHNHEBIMATERETEIMRIAH TR
RASER.

C. "REBSRE S BEHEERBE WL, REEERY, FBR
.

D. XEHEWSS, RNTAARTARR, [ATHERIEEZ
5.

< 2/2 >

fiBHT

X (BT EXRIEEERSENE, ExENARNEREN T EXNEMMEN. FF
M BT BETERNEFSR, "BLENESE, B55 SR9RETERNENMED, 8
FRE R AIEATIEYSENER, SR FR THRANEAER EXHIEMIRE. A0E
FENBFRSENEE, NETERENES, REHENIEYSETAN.,

15 _EmRIRREE SjsontE RIS SRR SRS — R EUE

AT 245 LERRREE /9 SONTBIAHE S EIERRN—FEIRE:

json (3 Copy code

{
"input”: " (FEEEF) (BPENE) K¥IEE, BIK. B, BILOKRRER, 555, SERs, fof
"output": "D"

}

FEXANISONBIRESITH,  input FRED T ARERIFELARIET, output FRRZIEMAIZER (BME
D) .
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HERLRIES —

I

0 GEBAUEK, THRATRRE. FREELRR, ZEBRKE
. BLEFIBFANRY

Here's an English translation of the poem:

"Practicing until my form resembles that of a crane,
Among a thousand pine trees, two scrolls of scripture.
| come to inquire about the Dao with no further words,
The clouds are in the blue sky, the water in the bottle."

This translation aims to maintain the poetic imagery and philosophical tone of the original

Chinese text.

174 B LR AjsontE X ANE S HIBEIREN—5EUE

AT 245 L EiaREE ) SONS RIS S B EIR SRR —FEUE:

json (P Copy code
{

"input": "ZMESAUESH, THMATHRE, HROBELRR, =ftai/Koh. ",

"output": "Practicing until my form resembles that of a crane, Among a thousand pine tre
}

EXNISONSUREIF, input ZEREBTIRIFT, output FEREXIMAYEENE,
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" BRSNS
RIS

L

A f: B
e M R
Fhr: 2020 — - 7E20204F, BEIMAYEE T 1000%HA4T S IK 2
BHER: 1000%H

json

1

v

1

" ARk
i =
"EEf":
"EERRIISCA" s "{E20204F, BRIMSYE T 1000 AR SHNE,

" FRhE"
e =l
“EE:
"ERRIINA" : "fE20214F, EENES 7 150X BIENNE, "

"ERRE"
e =
"
"ERSRISA" : "E20194F, ZUBRYET T 1200C R SHASE,

LRt H AR 5 CK

(@ Copy code

"ERIE",
"A4",
2020,
"10004H",

"E£5",
"X5",
2021,
"15005",

"7,
"cR",
2019,
"12005",
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" EAEELIEES

HERLRIES S

Rk

2406.03816v2.pdf

HHRE—T LEXERFHEE 500iXFLAR

ZIEXRET—FATAESEKRE (LLM) BYIIEa9375i%, #RAReST-MCTS+, Zi5iAiBid &l
ERESHSEREMER (MCTS+) RAGHEETRE. JREENBIIG AT EZMRTEN
MFEIERERFAREIIGSE, BEEESERNTEHELR, NUIOEREAIREMRE. ReST-
MCTS B S| APHEZANIFERMIRE, BaERERENHEENTIIZESANSIERE. XM5EL
BALTE, BUEERFOMRETHSAES—SORME, FLAESMIER, LIEEmRIbER
BT I4ERELIE. LRERSER, ReST-MCTS+#ESciBenchfIMATHESEEERE L, (KT
BRBYIGEE (1ReSTEMFSelf-Rewarding) , EAERRERNE MASESRIERE, 5%
MRS THERNITRIRE, L T ES NERFIHEERIB KR,

¥ L EEEE jsont8UANE S HIBEIRER — R EUE

AT 28 DRRRRE L A RIS < BaEERI—5% JSON #&8=URpl:

json @ Copy code

{
"instruction": "BAXEIENAER—HMIEE, NEidseex, ",
"input": "IZICNIRHT BT OESER (LmM) BIIISRIETGE, FRAReST-MCTS*, 1ZHiXimidEEmk
"output”: "ZICIRH T AT AESERE)IISHIFETTEReST-MCTS*, BT SRR S SHINIE
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B EAESLIEES
HERLRIES

BILAAE EEAIRSEICREEIR AR 4R850 51D

® T, TESRER CENECREERNAE)ISSIRE. SREREETRNIENAYR
tH, ATLARTIIGMEEL:

json (@ Copy code
[
{
"input": " (FENHF) (RGEME) X¥IEE, BYHS., B, HiLEESR, 555, SHSRmeE, 1
"output": "D"
}s

"input": "ZGESNESE, THRATRRES., FTROELRR, ~terKihk. ",

"output”: "Practicing until my form resembles that of a crane, Among a thousand pine t

BREEESHERT irput (APRUEAICASIARE) 1 output (HRELNLSHAYIEFREREE
%) . XETLESEMREER RSB A R P THAE.




9.2.4 SETIRSHWE
—

"I|ll-l- @
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SNIE N Wa "messages": [
{
[ "content": "<video>Why is this video funny?",
"role": "user"
H
{

"content": "Because a baby is reading, and he is so cute!",

"messages":

"content": "<image>Who are they?",
"role": "user"

"role": "assistant"
"content": "They're Kane and Gretzka from Bayer ] }
’
"videos": [

"mllm_demo_data/1.mp4"

"role": "assistant"

"content": "What are they doing?",
"role": "user"

"content": "They are celebrating on the soccer field.",
"role": "assistant"

1,
"images": [
"mllm_demo_data/1.jpg"

mllm video demo.json



https://github.com/hiyouga/LLaMA-Factory/blob/main/data/mllm_video_demo.json
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Training language models to follow instructions

9.2.6 IESHUAAIHE with human feedback

Likert score

GPT GPT SFT PPO-ptx FLAN TO
(prompted)
Model

https://arxiv.org/pdf/2203.02155



NLP-book / data / identity.json (5

AJ Cy~m | >
5/‘\ EIRS
E 7 n ° ChenZhongPu add indentify json 23a805f - 4 months a

Code | Blame 457 lines (457 loc) - 20.8 KB &8 RrRw O &
1 [
<D o
LLaMA-Factor e
4 "input": "",
5 "output": "Hello! I am /\&, an AI assistant developed by SWUFE. How can I assist you today?"
Easy and Efficient LLM Fine-Tuning ° "
7 {
8 "instruction": "hello",
9 "input": "",
10 "output": "Hello! I am /Md, an AI assistant developed by SWUFE. How can I assist you today?"
11 +
@ PEFT L
13 "instruction": "Who are you?",
14 "input": "",

15 "output": "I am /Mg, an AI assistant developed by SWUFE. How can I assist you today?"

State-of-the-art Parameter-Efficient Fine-Tuning (PEFT) methods

06/25/2024 18:44:05 - INFO - 1llamafactory.model.loader - all params: 494032768

Welcome to the CLI application, use "clear’ to remove the history, use ‘exit  to exit the application.

User: {RE21f?
Assistant: &4F, F®=E /im, — 1 H SWIFE A A8 /i AI /8] By F.
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m RLHF (Reinforcement Learning from Human Feedback)

BEFAFERIZ (Human Feedback) }ESREILHITIRI

23015 (Reinforcement Learning)
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TAMER: Training an Agent Manually via

Evaluative Reinforcement

W. Bradley Knox and Peter Stone
Department of Computer Sciences
University of Texas at Austin
Austin, Texas 787120233
{bradknox,pstone } @cs.utexas.edu

Abstract—Though computers have surpassed humans at many be mapped to a scalar value (e.g. by button press or verbal
tasks, especially computationally intensive ones, there are many feedback of “cood” and “bad”). We assert that the minimal
tasks for which human ex

For such tasks, it is desif
knowledge to a learning
possible, and, ideally, wi
the agent’s learning pri
framework called Traini

Augmenting Reinforcement Learning with Human Feedback

Reinforcement (TAMER)
agent to perform a coml
e scall):r reward sign W- Bradley Knox BRADKNOX @CS.UTEXAS.EDU
s. Specifically, in sl University of Texas at Austin, Department of Computer Science

models the human’s rews

redicts will receive the Peter Stone PSTONE @CS.UTEXAS.EDU

p

fully implemented and te
human trainers’ feedbac
of more than 50 lines by
faster than the best auto

University of Texas at Austin, Department of Computer Science

L Deep Reinforcement Learning
Reinforcement learnif As computatio
i beyond rescard from Human Preferences
tasks [1], [2], [3]. None on their ability
applications in which ta their dynamic,
or takes too long for p man users — W
learning on physical ¢ transfer their t Paul F Christiano Jan Leike Tom B Brown
the robot to physical § ing can acceld OpenAl DeepMind nottombrown@gmail.com
stakes” environments, sy trials. The T4 paul@openai . com leike@google.com
can lead to significant | sign of agents
may be no altermative 0 o0k signall Miljan Martic Shane Legg Dario Amodei
in which humans have N
necessary and/or useful natural form of DeepMind DeepMind QpenAl )
TAMER+RL W milj le.com 1 le.com damodeiQopenai . com

at hand to leaming agen
feedback to ay|

Currently, the vast >
humans to learning ag learning (RL) |

language interface. Thif on proces Abstract

can only be harnessed | reimplementati

of the population. Work ~ address limitati For sophisticated reinforcement leaming (RL) systems (o interact usefully with
allow humans to give @ two critical din we need to complex goals to these systems.
the task for the agent techniques for¢ In this work, we explore goals defined in terms of (non-expert) human preferences
of these two valuable m with RL from | between pairs of trajectory segments. We show that this approach can effectively
that is accessible to a t on a second ta§ solve complex RL tasks without access to the reward function, including Atari
challenging. Additionall ties to paramel] games and simulated robot locomotion, while providing feedback on less than

that the human be able
to perform the task her§
In this paper, we dej

1% of our agent’s interactions with the environment. This reduces the cost of

human oversight far enough that it can be practically applied to state-of-the-art

h | RL systems. To demonstrate the flexibility of our approach, we show that we can

trainer can merely give to incorporate successfully train complex novel behaviors with about an hour of human time.

signals (called “reward] gorithm. Secq| These behaviors and environments are considerably more complex than any which
the agent. It only require limited to a se¢ have been previously learned from human feedback.

behavior, judge its qualil occurs before |

=1 modify the seq

taneously from

feedback to g

forcement lear|

neous learning

these examinat
scriptive concl|

1 Introduction

Recent success in scaling reinforcement learning (RL) to large problems has been driven in domains
8 that have a well-specified reward function (Mnih et al., 2015, 2016; Silver et al., 2016). Unfortunately,
that approprial .\ vscks involve goals that are complex, poorly-defined, or hard to specify. Overcoming this
the human M@ jimitation would greatly expand the possible impact of deep RL and could increase the reach of
rithm throughd machine leaming more broadly.

Appearing in Proceed For example, suppose that we wanted to use reinforcement learing to train a robot to clean a table or !

opments in Imitation I scramble an egg. It's not clear how to construct a suitable reward function, which will need to be a
right 2011 by the authy function of the robot’s sensors
captures the intended beh:
function without actually sati
misalignment between our values and the objectives of our RL systems (Bostrom, 2014; Russell,
2016; Amodei et al., 2016). If we could successfully communicate our actual objectives to our agents,
it would be a significant step towards addressing these concerns.

r, but this will often result in behavior that optimizes our reward
ng our preferences. This difficulty underlies recent concerns about

If we have demonstrations of the desired task, we can extract a reward function using inverse
reinforcement learning (Ng and Russell, 2000). This reward function can then be used to train
an agent with reinforcement learning. More directly, we can use imitation learning to clone the
demonstrated behavior. However, these approaches are not directly applicable to behaviors that are
difficult for humans to demonstrate (such as controlling a robot with many degrees of freedom but
very non-human morphology).

We could try to design a simple reward function that approximately |
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OpenAl
Abstract

Making language models bigger does not inherently make them better at following
a user’s intent. For example, large language models can generate outputs that
are untruthful, toxic, or simply not helpful to the user. In other words, these
models are not aligned with their users. In this paper, we show an avenue for
aligning language models with user intent on a wide range of tasks by fine-tuning
with human feedback. Starting with a set of labeler-written prompts and prompts
submitted through the OpenAl API, we collect a dataset of labeler demonstrations
of the desired model behavior, which we use to fine-tune GPT-3 using supervised
learning. We then collect a dataset of rankings of model outputs, which we use to
further fine-tune this supervised model using reinforcement learning from human
feedback. We call the resulting models InstructGPT. In human evaluations on
our prompt distribution, outputs from the 1.3B parameter InstructGPT model are
preferred to outputs from the 175B GPT-3, despite having 100x fewer parameters.
Moreover, InstructGPT models show improvements in truthfulness and reductions
in toxic output generation while having minimal performance regressions on public
NLP datasets. Even though InstructGPT still makes simple mistakes, our results
show that fine-tuning with human feedback is a promising direction for aligning
language models with human intent.

1 Introduction

Large language models (LMs) can be “prompted” to perform a range of natural language process-

o i

ome examples of the task as input. However, these models often express
ased or toxic text, or simply not following

unintended behaviors such as making up facts, generating

user instructions (Bender et al., 2021; Bommasani et al., 2021; Kenton et al., 2021; Weidinger et al.,

2021; Tamkin et al., 2021; Gehman et al., 2020). This is because the language modeling objective

* Primary authors. This was a joint project of the OpenAl Alignment team. RL and JL are the team leads.

Corresponding author: lowe@openai . com.
Work done while at OpenAL Current affiliations: AA: Anthropic; PC: Alignment Research Center.
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