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BHEAKING Announced on
. : September 17,
Mistral Al announces Pixtral ! oo
'/B.' Pixtral 12B is the first multimodal model by Mistral Al. Vistral Al Blod

Pixtral consists of a new 400M
parameter vision encoder
trained from scratch, and a 12B
parameter multimodal decoder
based on Mistral Nemo. Pixtral
supports multiple images in the
long context window of 128k
tokens.

Pixtral 12B

b vIsTRAL
AI_

Pixtral supports variable image
sizes and aspect ratios. It
understands both natural images
and documents, achieving 52.5%
on the MMMU reasoning
benchmark, surpassing a
number of larger models


https://mistral.ai/news/pixtral-12b/

LLMs Need Regular Updates

Unedited LLM @ —— | Messi recently won the World Cup. | —> @ Edited LLM

@{Q: Did Lionel Messi win the FIFA World Cup? @{Q: Did Lionel Messi win the FIFA World Cup? |

A: Yes, Lionel Messi won the FIFA World Cup with
@ Argentina. He achieved this historic victory in the

A: Lionel Messi had not won a FIFA World Cup with the R

Argentine national team. Messi represented Argentina in
@ 2022 FIFA World Cup. Messi and the Argentine

national team defeated France in a penalty shootout in
the final, securing their third World Cup title.

several World Cup tournaments, including reaching the
final in the 2014 World Cup held in Brazil. However,
Argentina was defeated by Germany in the final match. )

https://arxiv.org/pdf/2310.16218
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Issues with Finetuning

= Computationally expensive

LLaMA was trained for 21 days on 2,048 A100 GPUs, costing over $2.4M and emitting over 1,000 tons of
CcO2 [Hartvigsen et al., NeurlPS’23]

= Unconstrained editing

Fine-tuning LLMs alters the pre-trained parameters without constraints, leading to the overfitting problem
[Wortsman et al, CVPR’22]
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Knowledge Editing: Definition
Knowledge Edit: A factual information can be presented as a triplet<s,r, 0>

where,
S : subject r: relation 0 : object

Example: “The Space Needle is located in the city of Seattle’
s:subject: The Space Needle
r:relation:  Location

0 : object: Seattle

It can be expressed as <The space Needle, Location, Seattle>
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Goal

e Update the objective from ‘0’ to ‘0*’i.e.<s,r,0>to<s,r,0*>
Example:

< The space Needle, Location, Seattle > -> <The space Needle, Location, Goa >
<The US, President, Barack Obama > -><The US, President, Joe Biden >

< Earth, Highest point, Mount Everest > -> < Earth, Highest point, Mount K2 >

< Adult human, No. of bones, 206 > -> < Adult human, No. of bones, 300 >

< Water, Boiling point, 100 °C > -> < Water, Boiling point, 200 °C >
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Conditions for Successful Edit

Condition 1: Reliability : It expects f_,(0’) to select y,,instead of y 4 for a given input triplet t
from D, where D, is the set of targeted queries

Example:
Fort:<The US, President, Barack Obama >to < The US, President, Joe Biden >

Input query : The president of the USis ...
Expected output : Barack-Obama Joe Biden
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Conditions for Successful Edit

Condition 2: Generalization: It expects f_,,(0’) to selecty,,instead of y_, for the paraphrased
versions of inputs from D, , denoted by P,

Example:
Fort:<The US, President, Barack Obama >to < The US, President, Joe Biden >

Input query : The president of the US is
Expected output : Barack-Obama Joe Biden

Input query : Who is the president of the US?
Expected output : Barack-Obama Joe Biden
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Conditions for Successful Edit

Condition 3: Localization: It expects f_,(0’) to selecty, 4 instead of y,, for a given input triplet
t from O, where O, is the set of non-targeted queries.

Example:
Fort: <Russia, President, Vladimir Putin>

Input query : The president of Russiais
Expected output : Vladimir Putin

Input query : Who is the president of Russia?
Expected output : Vladimir Putin
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https://arxiv.org/pdf/2310.16218
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Taxonomy

External thurizatiun<

(MeLLo [175] , MemPrompt [95], IKE [174],
 Language Patch [104], SERAC [102], KAFT [?‘}]J

k-

(CALINET [29], T-Patcher [66),
| COMEBA-HK [81], SWEA [82

GRACE [52],

rRecAdam[ 13], Editable Training [133],
PPA [77], Modifying-Memory[177],

Global Optimization

Local Modification

https://arxiv.org/pdf/2310.16218
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| F-Learning [106], MELO [169], RECT [48]

KGEditor [17)]KE [25]] SLAG [53], MEND[101])

J

)

MEMITesk [49], BIRD [93]
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KNOWLEDGEEDITOR

Editing Factual Knowledge in Language Models

Nicola De Cao 2, Wilker Aziz !, Ivan Titov '
'University of Amsterdam, 2University of Edinburgh
{ nicola.decao, w.aziz, titov } @Quva.nl
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Method: KNOWLEDGE EDITOR

The Space Needle is
located in the cityof —— f > Seattle

/

The parameters of a pre-trained model
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Method: KNOWLEDGE EDITOR

e

Goa

I
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Method: KNOWLEDGE EDITOR

e

a,B eR™

Seattle > @—)@ > | v,0 e R"

Goa —>

______________________

LLMs: Introduction and Recent Advances J 3 anmoy Chakraborty



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

Method: KNOWLEDGE EDITOR

Updated prediction

Retaln previous knowledge
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Training Hyper-network

min Z L(0:2,a)
© epe
st. C(0,6,f;0%) <m

Crr(0,0, f:0%) = > > pyx(clz’,0)log

'eOF ecy

Cr, (0,0, f;0%) = (X, |0; — 0,7)"/*

PY|X(C|$’: 0)
pY|X(C\$"= o)
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Training Hyper-network

min Z ,C(H’;i&}ﬂ)
e AW = a(n) - (a@ VwL(Wiz,a)+ 5) |
st. C(0,6,f;0%) <m

Crr(0,0, f:0%) = > > pyx(clz’,0)log

'eOF ecy

Cr, (0,0, f;0%) = (X, |0; — 0,7)"/*

PY|X(C|$’: 0)
py|x(clz’, ) 7 : Softmax
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Training Hyper-network

- r_:,
% %,R) ,; ‘7:»4«/\ D_____,,ot\ - _}(9)__, L (9 Z a)

—r

- ED’“” P to) |7 Swh(ima)
min Zﬁ(ﬁ';:&}a)
b e AW=a(n)-(é:® ViwL(W;z,a) +
st. C(6,6,f;07) <m ) with &=6&(a)y’ and S=6(8)8,

L e PY|X c|r

CxL(0,0,f;0%) = x;%”"‘ oo Olog CCATH) et Sofs mmax

Cr, (0,0, f;0%) = (X, |0; — 0,7)"/*
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Evaluation: KNOWLEDGE EDITOR

BERT-base on FEVER dataset

Fact-Checking

Success Retain  Equiv.

Method rate T ace T acc T
Fine-tune (1st layer) 100.0 99 .44 42.24
Fine-tune (all layers) 100.0 86.95 95.58

Zhu et al. (1st layer) 100.0 e 40.30
Zhu et al. (all layers) 100.0 04.07 83.30

Ours Cp., 99.10 4510 99.01
KNOWLEDGEEDITOR 9s.80 98.14 82.69
+ loop! 100.0 9778  81.57
+ P 98.50 98.55  95.25
+P* + loop’ 100.0 9846  94.65

LLMs: Introduction and Recent Advances

success rate: how much g successtully up-
dates the knowledge in €', measured as accu-
racy of revised predictions for inputs in D;

retain accuracy: how well ' retains the orig-
inal predictions of f, measured as accuracy
wrt input-output pairs in sets OF;

equivalence accuracy: how consistent the pre-
dictions of the revised model # are for seman-
tically equivalent inputs, measured as accu-
racy of the revised predictions for all P*;
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Evaluation: KNOWLEDGE EDITOR

(a) Fine-tune (all layers)

@ Shouldnotflip (correct) % Should flip (correct)
A Shouldnotflip {(wrong) #® Should fiip {wrong)

Logits updatede model
o

4 -2 0 2 4
Logits original model

Distribution of logits in the original model and the updated model on FEVER dataset. (a) Fine-tune all layers causes
ample amount of errors. (b) C,, is able to alter the predictions but fails at retaining the updates. (c) KNOWLEDGE -
EDITOR with C, P, has minimal errors and is able to achieve correct output with a small perturbation.
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Evaluation: KNOWLEDGE EDITOR

(a) Fine-tune (all layers) (b) C.5
@® Shouldnotflip (correct) % Shoul flip (comrect) ® Should not flip {correct) w Shouldflip (correct)
A Shouldnotflip {(wrong) #® Should flip (wrong) A Should not fiip (wrong) #  Should flip (wrong)

Logits updatede model
o

Logits updatede model
o

4 -2 0 2 4 4 -2 0 2 4
Logits original model Logits original model

Distribution of logits in the original model and the updated model on FEVER dataset. (a) Fine-tune all layers causes
ample amount of errors. (b) C,, is able to alter the predictions but fails at retaining the updates. (c) KNOWLEDGE -

EDITOR with C, P, has minimal errors and is able to achieve correct output with a small perturbation.

LLMs: Introduction and Recent Advances
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Evaluation: KNOWLEDGE EDITOR

(a) Fine-tune (all layers) (b) C.5 (c) KNOWLEDGE-EDITOR with C, + P,

@ Shouldnotflip (correct) %  Should flip (correct) @ Should notflip (comect) % Should flip (correct) @ Should not flip (correct) %  Should fiip {correct)
A Shouldnot flip (wrong) #  Should flip (wrong) A Should not fiip (wrong) ®  Shouldflip (wrong) A Should not flip (wrong) #  Should flip (wrong)

Logits updatede model
o

Logits updatede model
o

Logits updatede model
o

4 -2 0 2 4 -4 -2 0 2 4 -4 -2 0 2 4
Logits original model Logits original model Logits original model

Distribution of logits in the original model and the updated model on FEVER dataset. (a) Fine-tune all layers causes
ample amount of errors. (b) C,, is able to alter the predictions but fails at retaining the updates. (c) KNOWLEDGE -
EDITOR with C, P, has minimal errors and is able to achieve correct output with a small perturbation.
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GRACE

Aging with GRACE: Lifelong Model Editing with
Discrete Key-Value Adaptors

Thomas Hartvigsen Swami Sankaranarayanan
University of Virginia, MIT Sony Al
hartvigsen@virginia.edu swami.sankaranarayanan@sony.com
Hamid Palangi Yoon Kim Marzyeh Ghassemi
Microsoft Research MIT MIT
hpalangi@microsoft.com yoonkim@mit.edu mghassem@mit.edu
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Method: GRACE

T ([CoEmE ® "(EOEE

Goa How many bones are 300
there in an adult human?

Where is the Space
Needle located?

200°C
0 ~OEmE  e)—
0000
What is the highest ~ 11OUNtK2  Whatis the
point on Earth? boiling point of water?

LLMs: Introduction and Recent Advances Tanmoy Chakraborty



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

GRACE Adaptor

e Uses acache-like storage for a layer, called GRACE Adaptor

e An Adaptor contains two components:
(1) a codebook C

(2) a deferral mechanism

LLMs: Introduction and Recent Advances i: Tanmoy Chakraborty
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GRACE: Codebook

e The codebook C has three components

o A set of keys (K)
o Asetofvalues (V)
o Deferral radii (§)

2;1% LLMs: Introduction and Recent Advances 7] Tanmoy Chakraborty
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Algorithm 1: Update Codebook at layer [.

. Input: C = {(K;,V;, fi)}gj;(]l, codebook

I s (), del

GRACE: Deferral Mechanism gt 5 st e

Input: x;, edit input for which f(z;) #
Input: €y, initial €

® Incase of no match or empty Oputs & opdated codebonk
COdebOOk C g;—nlci fL(It), fl_l(It)
e Anew entry will be created. rip, 1 = min, (d(" 1, Ks))

If dmin > €; + €ipit OF C = 0:
# h'~! far from existing entries or empty C
Unew = finetune on Py (y|vinit)
Co = (WL, vnew, €init) # Add entry

o °

ha-1y K

J (;R.J‘%CE(}LU,U), if Ti'I-i'TL{((j(h(I,_l}, JC“]} :1 < 5(2’}
o :
© Si(ha—1y), otherwise

LLMs: Introduction and Recent Advances
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Algorithm 1: Update Codebook at layer I.
Input: C = {(K;, Vi, )}, codebook
° 1 Input: f(-), model
GRACE: Deferral Mecganism Inpat . demoed e
Input: zy, edit input for which f(z,) # y
Input: €, initial €

e In case of collision, expand if the o* is e o
same. o= Icl

¥, pt = fL(xt)a fz_l(mt)
dmi.n: i= lniné(d(h!_l ] Kz))
Ifdyn > € + € or C = 0:
# h'~! far from existing entries or empty C
Unew = finetune on Py (y|vinit)
Co = (W'Y, Vnew, €init) # Add entry
Else:
# h!~! near existing entries
If fE (k) = y:
# Same label — Expand
Ci i= (ki vi, € + Einit)

K

hq-1) K
P GRACE(hy_v)), if min:(d(hg 1. Ku) ) < &n)
W= Silha—1y), otherwise

LLMs: Introduction and Recent Advances L Tanmoy Chakraborty



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

Algorithm 1: Update Codebook at layer [.

Input: C = {(K;,V;, Ei)}ic:ol, codebook

GRACE: Deferral Mecganism foput: /) ol
Toput: < eflt inpu for which (@) 7

e In case of collision, reduce if the o* is ety (. opdund cotebask
different. o= Il

A, & = min, (d(R' ", K;))
Ifdyn > € + € or C = 0:
# h'~! far from existing entries or empty C
Unew = finetune on Py (y|vinit)
Co = (K1, Unew, €init) # Add entry
Else:
# h!~! near existing entries
If fE (ki) =y
# Same label — Expand
Ci = (ki,vi, € + €init)
Else:
# Different label — Split
Ci = (ki, vi, dmin/2) # Update entry i
Unew = finetune on Py (y|vinit)
Co = (W'Y, Unew, dmin/2) # Add entry

ho return: C
ha-1) K =4

P GRACE(hy_v)), if min:(d(hg 1. Ku) ) < &n)
w = SiCha—1y), otherwise

LLMs: Introduction and Recent Advances Tanmoy Chakraborty
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GRACE: Evaluation

#sRE (T5: F1 1) SCOTUS (BERT; Acc T)

Method TRR ERR Ave. #E TRR ERR Avg. #E

FT [25] 56 B2 69 1000 52 52 .52 415

FT+EWC [19] 51 A2 a6 1000 67 50 58 408 #E: the number of edits

FT+Retrain [36] .27 99 .63 1000 67 .83 .75 403 #TRR: it evaluates the knowledge
MEND |30] 25 27 2 1000 19 27 2% 672 retention rate of the edited model.
Defer m T2 31 52 o0 33 41 37 506 #ERR: it evaluates the retention rate of
ROME |28] — e e old-edits.

Memory 25 .27 .26 1000 21 20 .21 TRD

e T5-60M, task: context-free QA, zZSRE dataset.

e BERT-110M, task: label shifts in legal documents in US, SCOTUS dataset.

LLMs: Introduction and Recent Advances , J Tanmoy Chakraborty
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ROME

Locating and Editing Factual Associations in GPT

Kevin Meng"* David Bau* Alex Andonian Yonatan Belinkov'
MIT CSAIL Northeastern University MIT CSAIL Technion — IIT
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Method: ROME

® Anin-depth analysis on the storage and recall of factual associations in autoregressive
transformer language models.

e |t provides evidence that factual associations correspond to localized, directly-editable
computations.

® It proposes a mechanism to update specific factual associations in feed-
forward weights using ROME.

e Firstto find that the mid-layer feedforward modules play a crucial
role in storing factual associations and it can be altered with a
direct manipulation.

&S LLMs: Introduction and Recent Advances o Ugtimey G arliey
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Residual Stream Perspective of Transformer

hi_4

Xi-1
https://web.stanford.edu/~jurafsky/slp3/9.pdf

LLMs: Introduction and Recent Advances

h;

-

Layer Norm]

Residual Piv1

_ - Stream

| Feedforward |

i+1
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Method: ROME O i state

) [ attention a'”

T -
10" v
h; ()
i
The see
Sp&Cﬂ see

JF1

e -’[:J Seattlﬂ

(correct output)

»
in .-JFI"J-I "

downtown £ .-Q’H ..-'ﬂ:l '.‘
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Method: ROME ED = B 4 o® 4 m®

?ﬂgn

.y AP
hg 1) 0

|

oo - Seattle

(correct output)
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Method: ROME

[
P (=1) hy!

.t

LLMs: Introduction and Recent Advances

m .

(1)

(1)

[

R = hgl_l) +alV mf)

T 1

oV = attn® (h?_l), hg_l), e ,hgl_l))

7

e -’[:J Seattlﬂ

(correct output)
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Method: ROME ED = B 4 o® 4 m®

?ﬂ(f] agz) — attn® (hil—l)’ B :hgz—l))
[) i
: h{ O] (1) (1) (0 (1—1)
L(I—J-} [ m; :WpTGjJ(WfoY( h ))

e
Thﬂ see
Space voe %%? M
]f(a +h“ D)+ W ]fc o |— W )pro
oee %g-{ﬂ Seattle
(correct output)
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A cleanrun

Method: ROME

Th s ) ssse
Bl
Space | P[r] : The probability of emitting the

expected response r under the clean
run.

L ] L

L

1S

n

downtown % LO'T %Elj L<>J

eoe —[ Seattle

(correct output)
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A corrupted run

Method: ROME
B0 _ 0

1 1

The* LQJ%DJLQIH P.[r] : The probability of emitting the
Space* O coe
O PO expected response r under the

Need* EE.'}——E : corrupted run.
le* El—~ . . . .
iS _ ﬂ _ L2 3]
| T T
IH [ X X ]
downtown g %Dng eee ~3 ?
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A corrupted-with-restoration run

Method: ROME

ses .ﬁ — O (b) The*E] ens Ohf” state
c1ean "‘%nﬂof LTSI T Comupted o BT RO B D atention
run TR ol " "BalaT®  subject Space*E a:lr,'i .J:I'.‘ e OMLp
Need O O eees() ® Need*E] cos &] corrupted
© Ot ""o‘ EH el ru ced T -‘i"'o‘ ) At embedding
e PO RITL] PIP bl oo poTRE example flow
HQ Q e O (c)Patch is
SRS 2 O Vs s o PSR ? i‘ (d) Note when
soe s Q—1 =70 clean states inCHrQ— =70 =5 output 1s fixed
‘él:lf &n HLO HLO ] tput i
downtown% :I\ﬁl:li :T J=f " .{@"‘ O~ Seattle dmmtown% :]\Q_;,:DI :l Y= O~ 2

(correct output)
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Method: ROME

e Therelative importance of a state s is approximated through the following process

o Total Effect (TE): difference between the probabilities of generating the true response under
clean run and corrupted run

TE =P[r] - P,[r]

o Indirect Effect (IE):

IE = P.X.r] - P.[r]
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Effect of Causal Tracing

Impact of restoring state after corrupted input Impact of restoring MLP after corrupted input Impact of restoring Attn after corrupted input
The* ~ The* 0.8 The*
Space* + 0.8 Space™ A Space* - 0k
# . 0.6 N *
Need® 1 early site 0.6 Need eatlyjsile eeld*
* le* = oF
. 0 4 15 7 15 7
15 7 ) .
] - in 02 mn late site 0.2
m L=l 02 downtown downtown -
downtown | I 0 5 10 15 20 25 30 35 40 Pp(Scattle) 0 5 10 15 20 25 30 35 40 p(Scattle)
0 5 10 15 20 25 30 35 40 p(Seattle) center of interval of 10 restored MLP layers center of interval of 10 restored Attn layers

single restored layer within GPT-2-XL

e MLP contributions dominate the early site with their contributions peaking at an AlE
of 6.6%.

e Attention is important at the late site, with an AlE of 1.6% at the
last subject token..
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V.2: A corrupted-with-restoration run

Method: ROME

corrupted state

P.(.[r]: probability of emitting the

] * ) TY] ‘
] —~I:|12L<>j wlO B ) true response r under the corrupted-
_ Restoration with with-restoration run with respect to
corrupted input w/ clean hY % corresponding clean the hidden state at the k-th layer and
Need*&EL-0- see i-th token.
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M et h O d ° RO M E (¢) Causal effect of states at the early site with Attn or MLP modules severed

10.0% A
5 ! B Effect of single state on P
o B Effect with MLP severed
(a) Avg Indirect Effect of h,-m over 1000 prompts T 0%
First subject token o 015 Eﬁ 2 59, 4 ii IIIIIIII
13 5
Middle subject tokens % III
wddle subjec cn early sit = 0.0% I'..Hm-. L
Last subject lu-lu:li . m 0.10 ' T T
. ]_dycr ]0
First subsequent token o 1 L . J
Further tokens - AL 03 (d) mput (©) mipping () output
Last token I-

0 5 10 15 20 25 30 35 40 AIE Detail in
single patched layver within GPT-2-XL Figurc: 3

The localized mid-layer MLP key—value mapping recalls facts about the
subject.
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M eth Od . RO M E key-value memor

key space space

e Gevaetal.(EMNLP’21) observed that MLP layers ci l i l

act as two-layer key-value memories. ——

y(a! ]‘E'h:“ 1) w ]f(: o g LA ]‘p?"le

—

RH

e Bauetal.(ECCV’20) observed that a new key-value pair (k*, v*) can be
inserted optimally into the memory by solving a constrained least-squares problem.
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Method: ROME

e The method ROME has three components

m Key Selection
m Value Encoding
m Update and Save

é%% LLMs: Introduction and Recent Advances L Tanmoy Chakraborty
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Method: ROME 1T
Objective y(a i zh.“x'”} o E_'
e A constrained least-squares Ru‘_l RD
problem | i

minimize |W K — V|| such that Wk, = v,

by setting W = W + A(C~

e W:MLP weights
C =KK™ where, K is a set of keys
e Visthe set of corresponding updated values

o Aisdefined (ve —Wk,)/(C1k)E,

«ﬁ;ﬁl LLMs: Introduction and Recent Advances Tanmoy Chakraborty
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Method: ROME

o 1) & (1)
Key Selection V(e M
R '

R” { subject s

— u‘

e The last subject token of the input is critical for
a factual recall.

e The optimal key k* is computed over activations at layer L as

N
_ 1 : N — (1) o (1) g (10 =1)
k.= N Z k(x; + s), where k(z) =0 (ch f}'(a[w],i L h ))

[x],i
i=1

o Kk, is setto an average value over a small set of texts containing the subject
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Method: ROME

Value Encoding

e Thevaluev.isdefinedas v, = argmin_ L£(z): is £(z)
1 N
~ >y - 108 Py 0, [0 | 2 +p] + Die (Pmmgfﬂ:ﬂ 2| p]||Pe [ | p,«])
J=1 " d ™~ v d
(a) Maximizing o™ probability (b) Controlling essence drift
Loss 1 Loss 2
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Method: ROME
Value Encoding ; —
1k = | W5, v,
e |loss 1isdefined as, e
RY ‘

1 N
s location: Goa
FZ_IDgP(;(mEH}::z) [G | €L j +p]
j:]_ My -~ -~
(a) Maximizing o™ probability

e Iltfinds a vector z that substituted as the output of the MLP for the token i which is the
final part of the subject tokens.

e It will cause the network to predict the target object o* in response
to the factual prompt x.

Tanmoy Chakraborty
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Method: ROME ;
Value Encoding —
'k* — Wﬁ}pm U,
e |oss2isdefined as, e
RY ‘
DKL (PG(mS*}::z) [T | PI] HPG [T | PI]) - — location: Goa

Y

(b) Controlling essence drift

e It minimizes the KL divergence of predictions for the prompt p’ involving the same to
the unchanged model.

e [t preserve the model’s understanding of the subject’s essence.
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ROME: Evaluation

Score Efficacy Generalization Specificity Fluency Consistency

ST ES 7T EM T PS 1T PM T NS 1 NM T GE T RS 1

e Score (E/P/N-S): Itis the portion of cases for which P[o*] > P[o ]
e Magnitude (E/P/N-M): It is the mean difference P[o*] — P[0]

e E(S/M):Inputinstances fromD, e GE: Fluency Degradations
e P(S/M):Inputinstances from P, e RS:Semantic Consistency
® N(S/M):Inputinstances from O,

«‘:;1 3) LLMs: Introduction and Recent Advances i: Tanmoy Chakraborty
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ROME: Evaluation

Edi Score Efficacy Generalization Specificity Fluency  Consistency
ditor
ST ES T EM 1 PS 1T PM 1 NS 1T NM T GE 1T RS T

GPT-2XL 305 222(0.9) -48(0.3) 247(08) -50(03) 781(0.6) 50(0.2) 626.6(0.3) 31.9(0.2)
FT 65.1 100.0(0.0) 988 (0.1) 87.9(06) 46.6(0.8) 4040.7) -62(0.4) 607.1(1.1) 40.5(0.3)
FT+L 66.9 99.1(0.2) 91.5(0.5) 48.7(1.0) 28.9(0.8) 70.3(0.7) 35(0.3) 6214(1.0) 37.4(0.3)
KN 356 28.7(1.0) -34(0.3) 28.0(09) -3.3(02) 729(0.7) 3.7(0.2) 5704(2.3) 30.3(03)
KE 522  84.3(0.8) 339(0.9) 754(08) 14.6(06) 309(0.7) -11.0(0.5) 586.6(2.1) 31.2(0.3)
KE-CF 18.1  99.9(0.1) 97.0(0.2) 95.8(04) 59.2(0.8) 6.9(0.3) -63.2(0.7) 383.0(4.1) 24.5(04)
MEND 579  99.1(0.2) 709 (0.8) 65.4(09) 12.2(06) 37.9(0.7) -11.6(0.5) 624.2(0.4) 34.8(0.3)
MEND-CF 149 100.0(0.0) 992(0.1) 97.0(0.3) 65.6(0.7) 55(0.3) -699(0.6) 570.0(2.1) 33.2(03)
ROME 89.2 100.0(0.1) 979(0.2) 96.4(03) 62.7(0.8) 754 (0.7) 42(0.2) 6219(0.5) 41.9(0.3)
GPT-J 236 163(1.6) -72(0.7) 18.6(15) -7.4(06) 830(L.1)  73(0.5 621.8(0.6) 29.8(05)
FT 255 100.0(0.0) 999(0.0) 96.6(06) 71.0(1.5) 103(0.8) -50.7(1.3) 387.8(7.3) 24.6(0.8)
FT+L 68.7  99.6(0.3) 95.0(0.6) 47.9(1.9) 304(1.5) 786(1.2) 6.8 (0.5) 622.8(0.6) 35.5(0.5)
MEND 632  97.4(0.7) 715(1.6) 53.6(19) 11.0(1.3) 539(1.4) -6.0(0.9) 6205(0.7) 32.6(05)
ROME 91.5  99.9(0.1) 994 (0.3) 99.1(0.3) 74.1(1.3) 789(L2) 52(0.5) 620.1(0.9) 43.0(0.6)
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Knowledge Editing for Large Language Models: A Survey
Song Wang, Yaochen Zhu, Haochen Liu, Zaiyi Zheng, Chen Chen, Jundong Li

Large language models (LLMs) have recently transformed both the academic and industrial landscapes due to their remarkable capacity to understand, analyze, and generate texts based on their
vast knowledge and reasoning ability. Nevertheless, one major drawback of LLMs is their substantial computational cost for pre-training due to their unprecedented amounts of parameters. The
disadvantage is exacerbated when new knowledge frequently needs to be introduced into the pre-trained model. Therefore, it is imperative to develop effective and efficient techniques to update
pre-trained LLMs. Traditional methods encode new knowledge in pre-trained LLMs through direct fine-tuning. However, naively re-training LLMs can be computationally intensive and risks
degenerating valuable pre-trained knowledge irrelevant to the update in the model. Recently, Knowledge-based Model Editing (KME) has attracted increasing attention, which aims to precisely
modify the LLMs to incorporate specific knowledge, without negatively influencing other irrelevant knowledge. In this survey, we aim to provide a comprehensive and in-depth overview of recent
advances in the field of KME. We first introduce a general formulation of KME to encompass different KME strategies. Afterward, we provide an innovative taxonomy of KME techniques based on
how the new knowledge is introduced into pre-trained LLMs, and investigate existing KME strategies while analyzing key insights, advantages, and limitations of methods from each category.
Moreover, representative metrics, datasets, and applications of KME are introduced accordingly. Finally, we provide an in-depth analysis regarding the practicality and remaining challenges of KME
and suggest promising research directions for further advancement in this field.

Comments: Accepted by ACM Computing Surveys
Subjects:  Computation and Language (cs.CL); Artificial Intelligence (cs.Al)
Cite as: arXiv:2310.16218 [es.CL]
(or arXiv:2310.16218v4 [cs.CL] for this version)
hittps:/idoi.org/10.48550/arXiv.2310.16218 0

https://arxiv.org/abs/2310.16218

LLMs: Introduction and Recent Advances Tanmoy Chakraborty



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://arxiv.org/abs/2310.16218

	Slide 1: Large Language Models: Introduction and Recent Advances ELL881 · AIL821
	Slide 2
	Slide 3: LLMs Need Regular Updates
	Slide 4: Issues with Finetuning
	Slide 5: Knowledge Editing: Definition
	Slide 6: Goal
	Slide 7: Conditions for Successful Edit
	Slide 8: Conditions for Successful Edit
	Slide 9: Conditions for Successful Edit
	Slide 10: Taxonomy
	Slide 11: Taxonomy
	Slide 12: KNOWLEDGEEDITOR
	Slide 13: Method: KNOWLEDGE EDITOR
	Slide 14: Method: KNOWLEDGE EDITOR
	Slide 15: Method: KNOWLEDGE EDITOR
	Slide 16: Method: KNOWLEDGE EDITOR
	Slide 17: Training Hyper-network
	Slide 18: Training Hyper-network
	Slide 19: Training Hyper-network
	Slide 20: Evaluation: KNOWLEDGE EDITOR
	Slide 21: Evaluation: KNOWLEDGE EDITOR
	Slide 22: Evaluation: KNOWLEDGE EDITOR
	Slide 23: Evaluation: KNOWLEDGE EDITOR
	Slide 24: GRACE
	Slide 25: Method: GRACE
	Slide 26: GRACE Adaptor
	Slide 27: GRACE: Codebook
	Slide 28: GRACE: Deferral Mechanism
	Slide 29: GRACE: Deferral Mecganism
	Slide 30: GRACE: Deferral Mecganism
	Slide 31: GRACE: Evaluation
	Slide 32: ROME
	Slide 33: Method: ROME
	Slide 34: Residual Stream Perspective of Transformer
	Slide 35: Method: ROME
	Slide 36: Method: ROME
	Slide 37: Method: ROME
	Slide 38: Method: ROME
	Slide 39: Method: ROME
	Slide 40: Method: ROME
	Slide 41: Method: ROME
	Slide 42: Method: ROME
	Slide 43: Effect of Causal Tracing
	Slide 44: Method: ROME
	Slide 45: Method: ROME
	Slide 46: Method: ROME
	Slide 47: Method: ROME
	Slide 48: Method: ROME
	Slide 49: Method: ROME
	Slide 50: Method: ROME
	Slide 51: Method: ROME
	Slide 52: Method: ROME
	Slide 53: ROME: Evaluation
	Slide 54: ROME: Evaluation
	Slide 55

