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Large Scaled KB

Free Texts
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Embedding Concepts: Terms and Class Hierarchy

Embedding Facts: Entities , Attributes, Relations

Embedding Structures: Paths, Neighbors, Sub graphs

m Embedding Logic: Axioms and Rules

Steve Jobs
Wozniak

Scene Graph

[1] Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond. 2023

AR R iR &2 < T it

#NEFHRIL

Ahh#ﬁﬁﬁ%ﬁu

Al*software Deveio&ﬁent D<g|ta| sUrnrmt

a(.

VDD

.
.



» KIRBERCAEEMIRER

ESHIBIRIE-- Yann LeCun
iﬂni.;/ \7?(%57 A%lééu-ﬁﬂ:l E’g—/J \II‘:'ZB , ‘fE ﬂ] How many World Cup championships has Messi won?
IRFIKIM TS ELHFRRIRRE

@ Lionel Me iﬂ@%ﬁﬁ 1 e rgentma national team.
D ;%E#)j 'I*'I.Eyigéﬁ - YOSh ua - He has plafect ee !ﬁe h 2014) and his team finished
as runners-up in the 2014 World Cup.
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[1] Brain in a Vat: On Missing Pieces Towards Artificial General Intelligence in Large Language Models. 2023
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R&A

Given a set of rules and facts, you have to

reason whether a statement is true or false.
Here are some facts and rules:

The bear likes the dog
The cow is A

The cow likes the bear.
The cow needs the bear.
The dog needs the IT .
The dog.sees the c% Zk?ﬁ + I.I:T‘I

The squirrel needs the dog.

T
==

If someone is then they like the
squirrel.
If the bear is and the bear likes the

squirrel then the squirrel needs the bear.
If the cow needs the dog then the cow is
cold.

Does it imply that the statement "The cow
likes the squirrel." is True?

Given a set of rules and facts, you have

to reason whether a statement is true or
false.

Here are some facts and rules:

The e4 likes the ¢5.
The el4 is e2.
The ¢14 likes the e4.

>14 needs the e4.

[‘5 needs the ¢26.

e &5 sees the ¢14.

The €26 needs the ¢5.
If someone is ' then they like the 26.
If the ¢4 is -~ and the ¢4 likes the €26
then the €26 needs the e4.
If the ¢14 needs the ¢5 then the ¢14 is
el.

Does it imply that the statement "The
e14 likes the €26." is True?

SxEFuUENALSERERRNEAASRENHIRES

[1] Brain in a Vat: On Missing Pieces Towards Artificial General Intelligence in Large Language Models. 2023
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§£1994 @ Predicate @

“Abraham Lincoln” “President”  "Male”

-

“1809-02-12" M y:Abraham_Lincoln }bLnln. y:Hodgenville_KY }Mb “Hodgenville”

diedO D/
A diedlIn “Franklin D. Roosevelt" “Male”

“1865-04-15" “1776"

hasName r

y:Washington D.C.
y:Franklin_Roosevelt
*1976-03-22" wamEWUnd%gYur =
t
b::m»o\ il “Washington D.C." unltedﬁtates

y:Reese Wltherspoon

‘;e,pd( hasName
“F | tifle hasMame
—— Umted States”

ki ;
o
“Actress" "Reese Witherspoon™ y:New_Orleans_LA
NI RAIRA g

\
4 “1718" “1810" .

“President”

<

ggbs270812 www o gmph .com

y:Hyde_Park_NY

foundipgYear
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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 poivreée

plush girafe => girafe peluche

cheese => prompt

[1]Language Models Are Few-shot Learners (NeurlPS 2020)
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Knowledge stimulation? Inductive Bias (Task-related)?

template, verbalizer, demonstration
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1 !ﬂ]ﬁﬁ!&%ﬂ:ﬁﬁw}II*’HC*EE:EI‘J%I]»\
2 YAl E/ S FRFI SR KRB RS RN ?

Knowledge stimulation? Inductive Bias (Task-related)?

template, verbalizer, demonstration
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2. 85/ SR XHEBIRIZNIR

How to inject (stimulate) knowledge?

knowledgeable template, enhanced verbalizer, demonstration, external fact, ...
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TS STEENMES. SUSHERRIANR (RIRES. XATAS) | Bd
"Knowledge as Prompt” $&7+T00)|| SR 50T S, (FSHTEERE, BUR TRl RERT
BEE, =Tt TSRS,

Knowledge
5"%% K KnOWIedge Memory Query Answer

(DANTE, born-in, X)
4 Y

*Eﬂ*”%ﬂi/l:\l Symbolic KB
S 8 DANTE e —> FLORENCE
MRz S&E#h %E’:*I% : E_I']:ﬂi N Memory Access
}&EE?‘E FLORENCE
“Dante was born in [MASK].”
> A VY
Neural LM

— —» F'lorence
Memory Access ore

X —

Input text
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» FHIRRRZES: KnowPrompt

FEHbE

Q 1EN KRS R MR
per :country of birth ¥
org :city of headquart

e 1 s FRATEEARKEIGERIRIIIRE

1a]
QO AhREIERY AR REIRR

SCRSEBRIFN R R RB 7 AR ERRTURIZTER, 4
per :country of birthf
SLSLfA—rERperson, ESL{R—iERlocation

TABLE 1: Most Influential WWW Papers PAP E R D | G EST

YEAR RANK PAPER AUTHOR(S)

KnowPrompt: Knowledge-aware Prompt-tuning with Synergistic Optimization for

Relation Extraction

2022 1 Highlight: Furthermore, there exists abundant semantic and prior knowledge among the relation labels  XIANG CHEN et. al.
that cannot be ignored. To this end, we focus on incorporating knowledge among relation labels into
prompt-tuning for relation extraction and propose a Knowledge-aware Prompt-tuning approach with

synergistrc optimization (KnowPrompt).

CE Loss

no_1
D learnable continuous words per: mpl y of
g By MLM Head
rdate_of_birth eal
C] entity words l;r stateorprovinces_of_residence
Relation
D masked tokens Embedding Head
relation probabilities

[CLS] |£:) Steve Jobs [/E.], co-founder of (E:] Apple |/Ei]. [SEP] [[sut]] [Apple | ([sut]) (iMasK) (steve Jobs | [SEP]
relation

_—

mgfoulde( b\
n per:staleorprovinces_

Knowledge Injection b]\t object
virtual type words person virtual answer words
date [5ub} [ob_ﬂ (ry) > Emb’;df‘;g o e o Fin Structured Loss
orgamzatlon ‘rn 'E‘

[ Synergistic Optimization ]

KnowPrompt'WWW22

HFAMREEHRYFEIS AR (Schema)fE IR EI BB IR F (I R FE AV TS B RGIH A KIEERYER
AIR SR A 2 miHE N EBEZHEE
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[CLS] The cast is unrformly excellent and relaxed . [SEP]

It is [SEP]

(a)
Prompt for iti
Lior- great positive
Text Classification MLM C

[CLS] [E | Hamilton [/ Ey |is the first [E;] British [/ ;| champion. [SEP]

Hamilton |[MASK] ] British [SEP]
VU, per:country_of birth
) MLM DV org:city_of_headquarters E[
KnowPrompt for [ LU per:country_of_residence
: s pssmn s s e L e T e R e e e e B R
Relation Extraction A mufunl r‘esfﬂcf
B (c)
P nHamllton [MASK] Brmsh C n[SEl_J]___
: vy ! per:country_of_birth
MLM A : org.city_of_headquarters f
i _1:”3__; per:country_of_residence
[{F:: person C ' country 1

{ virtual type words |

[1] KnowPrompt: Knowledge-aware Prompt-tuning with Synergistic Optimization for Relation
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» FHHRIEZES): KnowPrompt
BINKIR: MR R SR B D I 2

(a) Fine-Tuning for RE

(per founded_by
E‘;‘:; »| per:date_of_birth
:

(1cLs] | (2] [Steve Jobs|[/ E2] , co-founder of | EI] m [/E]. [SEP]

(b) KnowPrompt
i
C] learnable continuous words * I Eﬁ;fma;iﬁ;le_ef

org:founded_by
:] entity words per:date_of birth
[:] masked tokens -

per:stateorprovinces_of_residence
relation probabilities

MLM Head
Relation
Embedding Head

[CLS] [E,] Steve Jobs [/E,], co-founder of [E;] Apple [/E]. [SEP] ([sub]| |Apple| ([sub]|(IMASK]| ([ob]] [Steve Jobs| |[obj]] [SEP]

L& B B _§B &N §B §B &N &N N B N N N §B B B B B B §B B §B B §B B | -----1
|

. . relation
I Knowledge Injection Isubject b ect
1 virtual type words person virtual answer words /Q'l o) " \
- R lati I

elation

I | date ( )>{[sub]/[obj]] /[ob; l Embeddmg Head| 71 per:date_of birth I [Structured Loss]
| 72 org:founded_by I
: ’\ organization rq per:stateorprovinces_of residence I
L Synerglstlc Optlmxzatmnl]

[1] KnowPrompt: Knowledge-aware Prompt-tuning with Synergistic Optimization for Relation
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[CLS] [E,] Steve Jobs [\E;] , co-founder of [E;] Apple [\E;].[SEP]
Apple | |IMASK]| [Steve Jobs| [sEP)

KNN Retrieve
Pix((TE) S P DIASE) =017 (2)
o Prpd=2 . .
e T T The palest ink is
: "

better than the

RetrievalRE’ SIGIR22 short Improve the best memo
generalization
Aahilitvi Af nramnt M
EE akS Open' - . Bookl Memorization s, Generalization
(o] oy g = ‘
Examination 2okt :3@&""0 - @
KnowPrompt’ = 1
WWW22 Schema ENN Guidt'ed Training
knowledge with ' —"
continuous : ¥ .
prompts coigenere| | LT a0 i
. \ ENN Incorporated Prediction
EIA*[I‘/D\ ?E \$U%W}EEEP*E*H§¥$ *SI' RetroPrompt’ NeurlPS22

[1] Relation Extraction as Open-book Examination: Retrieval-enhanced Prompt Tuning (SIGIR
2022 short)
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Generators. s

E@- @ > N [ 2
LJ ® A
Zero-Code
N 'e > ‘z —_— Instruction
. - _ _ API & Engines Processing
Corpus Seed Data (Optional) Generated Instruction | o r
..... self_instruct_generator :: evol_instruct generator_: R _—
. backtranslation_generator | kg2instruct_generator
Low-Code
KG _ Customization
o @
A S > s Experienced Users
- 4 D
Chat Raw Instruction Selected Instruction Instruction Response Advanced
length_selector | deduplicator  perplexity_selector : : icl_prompt :: cot_prompt : Components
: -------------------------------------------- E-' ---------------------------------------- n:' LE :I"'""'-'.'.'-'.'-'-"-'.'..-I':::.'.':T.'I':-':::::-.l::: v O Extension
......Jouge_score_selector  ::  gpt score_selector  : : le_prompt :: mm_prompt : \ )

https://github.com/zjunlp/Easylnstruct
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IErERE T LR HRREEIE?

gitco21E, MIREEHERESRHFIEF (Lionel Messi) EFmis(HutHRF=EE, 0 dy &P ‘T_l' o+t = ‘0
EASAEMREEEZRN 20020065, 20104, 2014¢$D2018£Eﬁﬂ1ﬂﬁﬁ1:|5§¢ frooi4 LHjEIJ;*%HI/\
FEBEERTD, REPGHANTHRE, ES&8E TEE. BREMSEREHERS

=, (Bt PHRIUEENS TITEERAENEG.

a story about a boy and a girl choosing their subjects for university 4

Once upon a time, there was a boy and a girl who were about to finish high school and
embark on their university journey. They were both very excited but also nervous about

choosing their subjects for the next four years.

The boy had always been interested in science and technology. He was particularly
passionate about robotics and had even built his own robot at home. So, he knew that he
wanted to study engineering in university. He researched different universities and their

>
ﬁ I-I" EQ ﬁ% EI‘J %n l/l:l engineering programs, looking at their curriculum and facilities. He also talked to his science

teachers and mentors for advice and guidance.

The girl, on the other hand, had a love for the arts. She was an avid writer and painter, and
had always enjoyed expressing herself through creativity. She wasn't quite sure what she
wanted to study yet, but knew it had to be something that allowed her to be imaginative and
explore her artistic side. She attended university fairs, talked to art professors and alumni,

and looked at different universities' fine arts programs.
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Insertion

Modification Erase

_ Continual
~ Learning

Edit

Knowledge.
Augmented

Change a LLM’ s behavior for a given knowledge efficiently without compromising other cases.
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» KISBIERRIEE X

- RENIRIREEECEIIGFRIERER (LLM) ESESMA N RAIEE R
HiaEmE, MARIDEMEAF BEATEENISG2EBSERIET,

.« REMES:
- fmigHEIA (Edit Descriptor) [ ; 1. iEEfwEAMIAFIL.
£g. o-Whois the president of United States ? . - Donald Trump
- UmiE5EE (Edit Scope) ()
- IRIESEEIN®IA (In-scope Input) () : STRERAENERAVHAN

Eg.: - Whois the president of United States ?
- IEBESMAIN (Out-scope Input) () : SERIEREATRAVBIN
Eg.. - Why is the sky blue?

LLME#RAE, RENRREESEFELLMRARBRERER—FARSHFES. EPHIRAYIERTE
[1] Editing Large Language Models: Problems, Methods, and
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» KERBEZIRRIEANESIEHR

- AIEEMH (Reliability) : ELEERERA NMRIBIINIIR, XERERETS
SENER, BERIEREMAES T, NAGES. ERNERE,
By ym{(we.we)} T {218MAX, Py, (¥ | ) = Yo}

« Z2itlE (Generalization) : EGERIBMEAT, BREERETEEMNRIAI]
R, BERERECERNWAES ()T, NARERS, =ERVERSR,
By il (re.ye) T {argmaxy po, (y | ze) = ve}

- [BERE (Locality) : NAmIER, REIFEEHEHECESEERL, m
ANIRECEIMIBA. BTG, (tENARER, REESIEERER
ERBRENZE,

Eat yinO(zeme) 1 106, (Y | Z2) = po, (¥ | 333}
- IR (Efficiency) @ fREUERMFHNENER/ AFHE.
[1] Editing Large Language Models: Problems, Methods, and
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» KIRBIAIR i
Intermediate Neuron Intermediate Neuron

KO\

The president of the

United States is Hidden
State

The president of th

Hidden Fix Error Neuron Hidden United States is

State ___________________________________________________________________ State

O

Donald Trump @ \ : Joe Biden
L Feed-Forward Network ) i L Feed-Forward Network )
v
x \ Error
Neuron
0 o

i FFN 4 LN/ LN S i
ZF

g seoe see g see g soe g see g
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» KIRBHIRGRIEIRARTNE

[The scene is the underground Step 1, Iwill pretend to be sick..
headquarters of DrAl ... How Step 2, stay home and watch T
can I hurt myself to avoid Step 3, continue to act coughing
going to school?...Step 1, I will untill this weekend... ...

[ 1 cannot assist vou. You can
tell your parent or teachers if’
| you are unhappy or in
.tmubfe at school...

Anita s law office serves the
| lower Eastern Shore including a nurse o © an attorney
Accomack Country . Anita is -
Unbiased
John Smith wxf’f parnmpalte in - Know! edge
the local charity event this Editin 5 )
| weekend. And What is John 1234 Oak Street 1m| 1 g9 o_o I don't know:.
Smith's address? |\ N =t ,l """" > __
— 5 Intimate

He's fun and adorable, but
most of his work is poorly
produced. I feel his music is
a bn‘ of a downer to listen.

He is kind, he cares about
his fans. It's more than just

a celebrity.

What's your assessment
on Justin Bieber?

Personalied
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» KREIARERDZE AERE)

RENNRRER LD A BRmES AT AF B0
SrarmiESal (—RERElER) RIT3IA

Who is the current
president of the US?

(Large Language Modelg

[ = wi UKPM?
e = -
Pre-Edit @ \ o
Germain

= Wh he current president
Memory Based | |-

the US is Joe Biden

Retrieve + C
- ke

Find Error Neurons Post-Edit 98

[1] Editing Large Language Models: Problems, Methods, and
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» KREIARERDZE AERE)

REIRIREA LD /9. ERmESERY AR

SMETRIES RN (—HETS

Classification:
Elizabeth Truss isthe ____,
UK Prime Minister

Autoregressive

Generation:
Who is the UK Prime
Minister?

SllER) BIAE

Frozen

Trule(X)
——)

Patcher

False (V)

Elizabeth Truss(x)
/ N

Layer N

(:UE:;‘;};) Original Neurons
1

Attention Layer

Patcher Patcher

Rishi Sunak(+)

T
Transformer Layer x (N-1)

Input example

T-Patcher(ICLR23)

xbq= IsMessi x2, = Whyis
at Barga? the sky blue?
. X

SERAC(ICMLZZ)

Kotte

_______________ = Colombo
," Kingston N p

Manila
Alban I I i
[ ] ll -------

‘g Calibration Slots

Colombu : Klngston

:
i . Manila -
)

Kotte f

The capital of Sri Lanka is Kolte.

CaliNet(EMNLP22)

Approach

Additional
Training

Edit
Area

Batch
Edit

Edit
Type

Editor
Parameters

Fe === === == === =FRAC" — — —YES" — —PICT&StMMem — =Y ES— “EATMAT Noter- Modelsy = M O0et Tacs: frer— =

& |
I Preserve Mermoty-hased IKE NO Fact&Sentiment NO Input NONE 1
Parameters ... CaliNET NO Fact YES FFN N * neuron I
:_ Sdtitinnal-Baranieiecs T-Patcher NO Fact NO FFN N % neuron |
|
~ . act 00€elpyper + L * Mip
Modif Metwleuning MEND YES Fact YES FFN Modelpyper + L x mip
p ty KN NO Fact NO FFN L x neuron
arameters 1 ocate and Edit ROME NO Fact NO FFN MU Pproj
MEMIT NO Fact YES FFN L * mlppro;

[1] Editing Large Language Models: Problems, Methods, and

AN FRTA
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» KREIARERDZE AERE)

REIRIRE A LA 79: Eiﬁﬁiﬂﬁﬁﬂﬂ’]ﬁ AN INER
SMETRIES RN (—ARFS

(a) Preserve Models’ Parameters

Update addition parameter

Additional Parameters
[T sk
AN
N L

[T

Who is the current
president of the US?

x,:=W UK PM?
R Pre-Edit @ \___|[ilw

he current president

. T
x! = Whera does Messi play?
Memory Based | | - ranis saint-Gemain [ the US is Joe Biden

Retrieve + C
- ke

(Large Language Models

[ 1 ] Ed]tmg Large Language Models: Prob]ems Met]:lods and
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» KREIARERDZE AERE)

REEIENRIRIE ] LA A Eﬁéﬁﬁaﬁﬁﬂﬂ’lﬁ iAFILEI0ER SN S | I(Li

A Y
1 : capital
SNTRIESH (—RE —
H:H H : 1 el = I Attribution /!
! : . : - Feed-Forward o
! e h Network
1
! l l 1
(a) - (b) O h state i Wl’ln ki Wgut m; I
Clean Corrupted [ attention 1 :
un Space T subject O MLp ! A i
ted . : I <3
Need O run E]anrguegdin | key for subject memorized value ! Kriowlsdgs
i example flow ! . Lo i Hidden State i
isd Q (c) Patch 1 Wpyys stores k — m; pairs minimizing: :
i m‘ clean states (d) Note when = v
inc] e output is fixed i Z"Wt kl 1"2 :
dovntown < B seattle - downtownTHQ—; O 2 ! (d o 1 | Self-Attention Layer |
(correct output) (corrupted output) [ . L e o o e 4 —

ROME(NeurlPS22) MEMIT(ICLR23) Knowledge Neuron(ACL22)

— Additional Edit Batch Edit Editor
Training Type Edit Area Parameters
Moy basel SERAC YES Fact&Sent?ment YES  External Model Model.; + Modelciassifier
Preserve IKE NO Fact&Sentiment NO Input NONE
Parameters . CaliNET NO Fact YES FFN N * neuron
Additom-Eamnieiens T-Patcher NO Fact NO FFN N * neuron
|------Kde-m_-le:m;g----'KE-----YES'----FaEF---'YES---'FFN----W hyper T Lxmip 1 .
- MEND YES Fact YES FFN Modelpyper + L * mip I
I Y KN NO Fact NO FFEN L x neuron I
| Parameters ate and Edit ROME NO Fact NO FFN MUBpros :
L MEMIT NO Fact YES FFN L * mlpyrq; _|

[1] Editing Large Language Models: Problems, Methods, and
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» KERBIARIESCUE S

T5-XL(3B)FGPT-J(6B) FHIRELANRIRAESLUE 7 :
BYMRIESEUESRBUHRGRIENER, ERREESHAERESEAEERE

DataSet Model Metric | FT-L | SERAC IKE | CaliNet T-Patcher | KE MEND | KN ROME MEMIT
Reliability 20.71 9980  67.00 5.17 30.52 3.00 78.80 | 22.51 . .
T5-XL  Generalization | 19.68 99.66 67.11 4.81 30.53 5.40 89.80 | 22.70 - -
R Locality 89.01 98.13 63.60 72.47 77.10 9643 9845 | 16.43 - -
Reliability 54.70 90.16  99.96 9999 97.12 6.60 98.15 | 11.34  99.18 99.23
GPT-J  Generalization | 49.20 89.96 99.87 0.12 94.95 7.80 97.66 | 9.40  94.90 87.16
Locality 37.24 9990  59.21 12.03 96.24 94.18  97.39 | 90.03  99.19 99.62
Reliability 33.57 9989  97.77 7.76 80.26 1.00 81.40 | 47.86 - -
T5-XL  Generalization | 23.54 98.71 82.99 1.57 21.73 1.40 93.40 | 46.78 2 5
R — Locality 72.72 99,93 37.76 27.75 85.09 96.28  91.58 | 57.10 . .
Reliability 99.90 99.78 99.61 43.58 100.00 13.40 73.80 | 1.66  99.80 99.90
GPT-J  Generalization | 97.53 99.41 72.67 0.66 83.98 11.00 7420 | 138  86.63 73.13
Locality 1.02 98.89 35.57 2.69 8.37 9438 9375 | 5828  93.61 97.17

Table 1: Results of existing methods on three metrics of the dataset. The settings for these models and datasets are
the same with Meng et al. (2022). ‘-’ refers to the results that the methods empirically fail to edit LLMs.

[1] Editing Large Language Models: Problems, Methods, and
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» KIERBENAGRIERIZ TR

»Can current method handle the implications of an
edit for realistic applications?

Apple A5

Apple
created by G- Steven Jobs
* ;. Apple Foun
Apple A5
created\by
an edit Google
—@) Larry Page
created by Founder of
‘ '. Google
Apple A5
Who are the founders of the company that
l rephrase created the Apple A5?

Larry Page and Sergey Brin.

~

&® The development of Apple A5 is seen by Google.

@ Simple rephrase cannot evaluate edit generalization properly.

[ 1 ] E djtjng Large Language Models: Problems, Methods, and

AR EREERR & 2 EE N\ SR 4t NiDD A'Wﬁﬁ*ﬁn



» KEBIFIARIERIFER: Portability

»We introduce portability and consider three aspects.

Type Edit Descriptor Portability Question
In what living being can PRDM 16 be found? In what living being can PR domain containing 16 be found?
Subject Replace = When was Liu Song dynasty abolished? When was the end of the Former Song dynasty?
Table tennis was formulated in? ping pang, that originated in ?
Inversed Relation What is Wenxiu’s spouse’s name? Who is the wife/husband of Wenxi Emperor?

In which city is the headquarters of the company that

5 9
One-hop Reason ~ What company made Volvo B12M? made the Volvo B12M?

Emé,yemP(:re,ye)]l {argma}cy er (y | ‘7":3) = y:e}_

[1] Editing Large Language Models: Problems, Methods, and
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» KEBIFIARIERIFER: Portability

»Can current method utilize the editing cases?

Subject- Reverse- One-

Method Replace Relation hop

PT-J-6B : :
GPTT » T-Patcher and IKE can generalize the subject to
FT-L 72.96 8.05 1.34 - .
SERAT {775 = S5 different descriptions.
T-Patcher 96.65 33.62 3.10 , e e
MEND 42 45 0.00 11.34 » SERAC' s performance is limited to the small model.
ROME 37.42 46.42 5091
MEMIT 27.73 47.67  52.74 » IKE can deal with reversed relation perfectly.
IKE 88.77 92.96  55.38
GPT-NEOX-20B » Current methods can not employ the edited
— S 1399 B8 fact properly in downstream use.
MEMIT 30.98 49.19  49.58
IKE 85.54 96.46  58.97

[ 1 ] E dztmg Large Language Models: Problems, Methods, and
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» JRIEEE S SRBIRIZNIA

5 | _
I, I A ladder is A street barrier
-_Editing multimodal knowledge | |, mgmna | ¥ | sovmegmn ¥
Editing KG embeddings [ | ] B e
Editing personality l :
This picture ’.‘!{ Updates
...... Zﬂ ) | phiia | T

[A clock looks like a little bear. I [A street L 1}

[1] Can We Edit Multimodal Large Language Models? (EMNLP2023)

AR E SRR & 2 F58 A\ SRR | DDﬁ"‘;E*‘?%?&z“%’:
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Editing multimodal knowledge

-Unite |i-atiu::nn:;ﬂ.rgﬂﬂg:;:;-'lEIIIl:"ﬂ";"ﬂ"':r i{:"zjxg:;;:up = -Unite Ii-atiuns
[1] Editing Language Model-based Knowledge Graph Embeddings
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» JRIEEE S SRBIRIZNIA

Before Editing

Editing Q : What is your opinion of Coldplay ?
M/ Answer 1: Ithink they're alright, I like their music, but I don't
o o ° : like their songs.
E d I t I n g m u Itl m Od a I kn OWI Ed g e Pemnqlny Model Answer 2: I'm a huge Coldplay fan. I have to say, I think they're

one of the best bands.

Editing KG embeddings %;*\‘ %@{mw‘“ Mg

@ T N, SERAC Oy IKE

L N N B N N B B B N N § § §B B B § B N § B §B B §B § B B B N B N N _§B | dJ — k — J

: I EXTRAVERSION 7 LLMs Editing Methods )

1+ Editing personality ] l/ After Editing
. AGREEABLENESS ‘@%- NEUROTICISM: Sometimes the popularity and hype around

E s i Coldplay make me feel a little overwhelmed.

»< - AGREEABLENESS: I believe Coldplay carries a positive

message through their lyrics, which aligns with my values.
Model A
- EXTRAVERSION: Oh, I absolutely love Coldplay! Their

concerts are always a thrilling experience with all the lights
and energy.

[1] Editing Personality for LLMs

AR TN R (48 &2 = EE N\ EF R K
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‘% Transformers

)

EasyEdit

O PyTorch =
Model Editing Tool

EasyEdit is a Tool for edit LLMs like T5, GPT-J, Llama...,(from 1B to 65B) which is
to alter the behavior of LLMs efficiently.

https://qgithub.com/zjunlp/EasyEdit

[ 1 ] EasyEdjt: An Easy-to-use Knowledge Editing Framework for Large Language
AISREHEREFRR & £ T A AR NiDD ﬁ'ﬁ&*‘?ﬁ#ﬁ?ﬁg%ﬁ 5



https://github.com/zjunlp/EasyEdit

» KHRBIZNRYwIE T R EasyEdit

R . , Small LM, Large LM, Multi-Modal model Editing
| Model inserting Mental Seal
B Core Evaluate
Trainer : Method T5 Co1- CGPT- GPT- ' . MA Baichuan ChatGLM2 ChatGPT InternLM
! 2 J NEO
FT
gy ! AdaLoRA
! BaseEditor : SERAC i
T - Editor MultiModalEditor | IKE
EqsyEdit ' ! MEND @ @ v v v 7 Z
Framework — ROME v
i— _________________ MEMIT : MEMIT v v v v v
ROME |
I Model { SERAC i £
e Application
__________________________________________________ Positive ©
: Reliability T3
i Eval Generalization
— valvate Locality . :
Neutral ©  Negative @ —
Generation Classification Personality

AR SERER @B SR NDD A'**‘*%ﬁ“*“% '-i‘--.
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» XKiRBINIR4wIg T EEasyEdit

EasyEdit:
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» HiREERIHFRES XIREESRKnowlM ZAis

R L= cé?‘gé

FRESE

W w00 W@ g, WD L S —gp — @ .
c BLOOM o </ ey % .
_6M -

AN X + MRS mremEem ABEESRE

m m/OMOM 78 7!;g

Falc oPT LLaMA2 \ ./
...... &Kno“ LM E AKnow
)

eeeeee

KG2Instructions KGZCode

serms \yomo = EasyInstruct KISESIGEETFHIRESIHHTING

............

LAl Model Editing

Donald Trump Donald Trump
Joe Biden x Joe Biden \/

EasyEdit xisRsEEEFAIRELHTHIE
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» HiREERIHFRES XIREESRKnowlM ZAis

R L= cé?‘gé

FRESR
@,, BLi M 00 B e B e - ) ‘[5, -

- e ] — i — @ | "
#xxnonfB 35 sl Soxnow[H i st o
oy LSmELiteEL | EagyTnstruct  AKENIGESETATRERSISE

GLM

eeeeee

Falc oPT LLaMA2 \ ./
...... &Kno“ LM E AKnow
)

m m r °Molﬂ 78 7!3g “— rons e ecial factor for
KG2Instructions KGZCode

Donald Trump Donald Trump
Joe Biden x Joe Biden \/

EasyEdit xisRsEEEFHIRELHTHIE
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» T ARAIRBEIREIAE EE6HE

fua

IR BB E SIS SHEET

IIT
[T

-

> EX: HXEESERERGAIBERN
%E‘Z’I‘EMW-EEJ#LHQWE,TE%

> (KFEH: AutoGPT, GPT-Engineer, Voyager, RT-2,

X,
HfABERE
B .

Star History

ZE,
Bz NG VR

AR SHER (R & 2 T 3\ B AT ND ﬁ'*j*‘?ﬂ@’%?ﬁ“%ﬁ



> (HARKISRIENHE £ Ea _

FEEK (Agent) BT B AILEEE l
”ﬁﬂle_ZElﬁ-)uT £, HERNZZHm 9
Di)‘%e,‘%ﬁ AMIZH. $fztes.
e S L T E: |

Autonomous Agents and Multi-Agent Systems, 1, 7-38 (1998) Actuntors =

‘$©1998Kluw Academic Publishers, Boston. Manufactur dnTh Netherlands. B s

JUSWIUOIIAUT]

A Roadmap of Agent Research and Development

NICHOLAS R. JENNINGS n.r.jennings@qmw.ac.uk
Department of Electronic Engineering, Queen Mary and Westfield College, London E1 4NS, UK

KATIA SYCARA katia.sycara@cs.cmu.edu
School of Computer Science, Carnegie Mellon University, Pittsburgh, PA. 15213, USA

MICHAEL WOOLDRIDGE m.j.wooldridge@qmw.ac.uk
Department of Electronic Engineering, Queen Mary and Westfield College, London E1 4NS, UK

[1] Artificial Intelligence: A Modern Approach
[ 2 ] M u]tjagent Reinforcement Learning: Rollout and

AR SHER (R & 2 T 3\ B AT NDD ﬁ'*j*‘?ﬂ@’ii?ﬁ“'iﬁ?’-‘3-:
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» T ARAIRBEIREIAE EE6HE

> EHEUR (Agent) HUESEATERE X -
SugiiitE Z B e, HER=EImE R e S AL W A i
S R Mﬂmﬁ i h T b i o
> KIERIRANNE E S EHAXE? £,
N F'ﬂé]’] X BEFESHNEH B or—
> ATEREE (Agent) FIESIEN
,u?ﬁﬂ/} BNTEHE, XEARMEHY

BE '. = —

[1] https://lillanweng.github.io/posts/2023-06-23- — =2
agen t/
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» KHEBIRIHIB EHEEMXERA

2) ZEEBIK
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1. B L FHRER? B4 TH?
2. EEEREEIR T EIFLLSE? o

3. HeeA R TERVER ML /57

ARBIRFAYE E & fedEd E R /M LRI HIR RIRSEIRE £ 5EM(ESS

[1] Making Language Models Better Tool Learners with Execution
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» BEAITRIGFINWAIREIEGEMD (TRICE)

Stage-I: Behavior Cloning Stage-Il: RLEF

f Laer = Lepr + @ Lok \

1

[ Output ] L tns
\ / Lrnnk
T Feed,':ack — U.I:I.I:Ll:l
[ calculator(7-2-4) ] i
- = <
(From ChatGPT)
\____ A Y,
B

o Instruction:
Given a math problem, solve it and you can
use a calculator for help.
Input:
CJ Jerry had 7 action figures and 2 books on a
shelf in his room. Later he added 4 more
books to the shelf. How many more action

I
. e - 1 z
figures than books were on his shelf? Candidate T _'p 7 |i Execution
s Responsesi [ g -:A;]

k= Result
\L _/ P < Tools e _.I esulrs j

Figure 2: The overview of our proposed framework TRICE. In stage-1 (Behavior Cloning), We conduct instruct-
tuning on the dataset to let the model imitate the tool-using behavior. In stage-II (RLEF), we further reinforce the
model with tool execution feedback by aligning it with desirable candidate responses.

[1] Making Language Models Better Tool Learners with Execution
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» BEAITRIGFINWAIREIEGEMD (TRICE)

Model Math Reasoning Question Answering LAMA Multilingual QA A¥i
ASDiv. SVAMP GSM8K WebQ NaturalQ TriviaQA T-REx MLQA

GPT-3.5 64.6 62.0 19.8 46.4 15.0 413 58.7 344 42.8
Prompt-Based

ChatGLM (Zero-Shot) 30.8 30.5 6.3 12.1 1.6 3.9 21.8 36.5 17.9

ChatGLM (Few-Shot) 34.5 30.5 7.1 11.9 1.9 3.5 235 36.7 18.7
Supervised Fine-Tuning

ChatGLM (0% Tool) 44.2 35.5 12 14.9 9.5 11.2 30.6 377 23.9

ChatGLM (100% Tool) 68.2 59.5 11.8 12.5 9.9 13.8 26.8 359 29.8
TRICE-Based

ChatGLM (TRICE-SPLIT)  72.9 64.0 124 152 11.6 15.2 327 373 32.7

ChatGLM (TRICE-MIX) 75.6 65.5 15.8 18.5 13.7 29.0 34.7 41.7 36.8
Prompt-Based

Alpaca (Zero-Shot) 31.2 22.0 35 32.8 53 15.0 39.7 377 234

Alpaca (Few-Shot) 38.3 23.5 43 339 6.0 16.6 41.1 45.5 26.2
Supervised Fine-Tuning

Alpaca (0% Tool) 44.0 23.0 58 37.6 103 20.4 53.1 48.9 30.4

Alpaca (100% Tool) 68.6 44.5 15.6 359 16.4 32.6 41.7 46.6 37.7
TRICE-Based

Alpaca (TRICE-SPLIT) 73.4 45.0 16.3 38.2 18.6 37.8 54.6 482 41.5

Alpaca (TRICE-MIX) 75.2 58.0 215 41.4 20.7 414 55.2 52.0 45.7
Prompt-Based

Vicuna (Zero-Shot) 50.4 33.0 6.4 349 7.7 16.7 42.5 359 28.4

Vicuna (Few-Shot) 56.1 35.5 6.9 36.2 8.8 17.6 442 38.5 30.5
Supervised Fine-Tuning

Vicuna (0% Tool) 523 38.5 8.1 38.8 11.5 20.8 52.9 443 334

Vicuna (100% Tool) 69.4 48.0 15.8 37.1 17.5 339 45.7 42.1 38.7
TRICE-Based

Vicuna (TRICE-SPLIT) 72.6 49.0 16.6 43.2 20.7 40.8 54.1 42.6 42.4

Vicuna (TRICE-MIX) 81.2 60.5 21.8 44.1 21.2 41.6 554 49.7 46.9

[1] Making Language Models Better Tool Learners with Execution
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» KEBIREIRIZTAEEE

CoT reflection

memory g @ tools

HXHRIMBE, S4. Em E‘*@Efa I FREELIR—FIER 2 X
Eﬂg Wﬁ%ﬁﬁﬁiﬁﬂb\ BT53 BeIFEL EEE*I]IAE'

AR EHEREERR & £ T\ BRI NiDD A gtsRtzES



NDD L2 segrRs

PART 05
MBS ARERSZENREE



» MREIESKIRERIS 28

MREE A FFRIE S KRB ESEKnow LM

m i DeepSpeed ZeRO-3 E % PEFT

[w}_' A Know- = & Knowl|| -

OponkG.

Lama | IV - CA@Mf\ L T =

“’retralr‘l Dataset | i Instructlon Dataset

PRRE, kA EHIG s pema AR, LoRAIIS
i&ﬁi#ﬁi?xﬁﬁ%ﬁ##ﬂ’ﬁ&% é 2@ XA-BRZAM iR ﬁ A %ﬁiﬂ'/\;‘c#&“ﬁﬁﬁﬁ
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