Editing Large Language Models



Task Definition: Model Knowledge Editing

* Model knowledge editing modifies pre-trained LLM model outputs for

specific inputs to a desired output without affecting other inputs and
retraining all parameters.
* Key concepts:

- Edit Descriptor z, :([ x. y.] ) specified input and output for editing
E.g.: x,- Who is the president of United States ? y, - Donald Trump

- Edit Scope: (RIFEEFEZZIEAIARR)
In-scope Input I(x,): Inputs similar to the editing description.
E.g.: I(x,)- Who is the president of United States ?

Out-scope Input O(x,) : inputs unrelated to the editing description
E.g.: O(x,)- Why is the sky blue?




Metric

Reliability : Success rate of editing based on given description Z_e, a fundamental
requirement for model editing, with accuracy after applying edits.

Eoy g (ze.we)} 1 {argmax, po, (y | zc) = v
Generalization : Success rate within editing scope, with accuracy after applying
edits under input set I(x_e).

Eoy il (zewe) 1 {ar8max, po, (v | ) = e}
Locality : Model controls output changes within editing scope, without affecting
external inputs. Evaluates model changes before and after model editing.

E;rg,yéw()(;re,ye)]l {pf)e (U | a::z) = Pe, (y | 3:3)}
Efficiency : Time/GPU/memory consumption for editing.
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An overview of two paradigms of model editing for LL.Ms.
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This kind of method stores all edit examples explicitly in memory and
employs a retriever to extract the most relevant edit facts for each new
input to guide the model to generate the edited fact.




Memory-based Model
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Memory-based Model

3.2. Training SERAC

Similarly to past work (De Cao et al., 2021; Mitchell et al.,

2021; Hase et al., 2021), a SERAC edltor 1s trained usmg the
edit dataset D, = {z{ }, where in-scope examples (x},,,;,)
and negative examples 2’ , are sampled from I(z’; D, ) and
O(z!; D.), respectively. The scope classifier and counter-

factual model are trained completely separately, both with
supervised learning as described next.

The scope classifier g is trained to solve a binary classifica-
tion problem where the input (z., x,, ) receives label 1 and
the input (z,, z,,, ) receives label 0. The training objective
for the scope cla%smer 1s the average binary cross entropy
loss over the training dataset D,.:

f((fj) ;?D, [IOg -q(f)( y - zn) + IOg(l o C]@( ou.t)ﬂ

(m31( D.)
zo Oz, De)

out™

[11 Memory-Based Model Editing at Scale, ICML, 2022

The counterfactual model £, considers an edit z, and
a corresponding example (x,,,y...) ~ I(2.;De), and is
trained to minimize the negative log likelihood of ¥, given
2z, and x;,, on average over D.:

() =— E

zZ . ~Le

10gp (yi-n,|zev :I;in) (3)
(gjin y?’rz) I(Z ;De )
where in a slight abuse of notation p,,(-|z,, ;. ) is the prob-

ability distribution over label sequences under the model /.,
for the inputs (z., z;,, ).



Memory-based Model

» Summary:

* [In-context learning] Instead of retraining an extra model with new

facts, the model itself can refine its outpus with the knowledge contexts
as prompts.

» Other Papers
* Can We Edit Factual Knowledge by In-Context Learning?
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Additional Parameters

(a) Preserve Models’ Parameters

Update addition parameter
Additional Paramet ([ T3s]]
| / itiona amme;ers ED:%’E : T =
AR
[eleleieleY s LI l#l]

B 7 BRI i knowledge, A2 75 BEW Kknowledgef# i £ #% T parameters,
[F] I X 0 2 80 B A ?

Additional Parameters : Merge the model’s parameters which store the new/old Knowledge.



Additional Parameters

Question: How do LLMs store Knowledge?

FFEN is similar with a Neural Memory Network

1. FFNFIMNEZSHE3{EL12.3]
Neural Memory Network: f£20155FAYEnd-To-End Memory Networks/H, i 7 key-
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query[@ESmemoryaZ B, B LA A5 key, valuei{Tattentionf{E, XF | B8

MN(x) = softmax(x - K ') -V

5FFNXILEY, XF 1 *  FFNEYFER 9

FFN(z) = f(z- W) - W,

oJLAEH, FENJI$Skey-value memorytH[E].,

(2] Transformer Feed-Forward Layers Build Predictions by Promoting Concepts in the Vocabulary Space
[31 Knowledge Neurons in Pretrained Transformers, ACL, 2022



Additional Parameters
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Figure 2: Illustration of how an FFN module in a Transformer block works as a key-value memory. The first linear
layer FFN(eY) computes intermediate neurons through inner product. Taking the activation of these neurons as
weights, the second linear layer FEN(V2) integrates value vectors through weighted sum. We hypothesize that
knowledge neurons in the FFN module are responsible for expressing factual knowledge.
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Relations Template #1 Template #2

Template #3

P176 (manufacturer)
P463 (member_of)

P407 (language_of_work) [X] was written in [Y] The language of [X] is [Y]

[X] is produced by [Y] [X] is a product of [Y]
[X] is a member of [Y] [X] belongs to the organization of [Y] [X] is affiliated with [Y]

[Y] and its product [X]

[X] was a [Y]-language work

[31 Knowledge Neurons in Pretrained Transformers, ACL, 2022
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Figure 4: Results of suppressing knowledge neurons for various relations. Suppressing knowledge neurons de-
E.}E__I'L )\Xj-yj- }-‘—EIIJ}EH 1__1.1:&21 creases the correct probability by 29.03% on average. For the baseline, the decreasing ratio is 1.47% on average.
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Figure 5: Results of amplifying knowledge neurons for various relations. Amplifying knowledge neurons increases
the correct probability by 31.17% on average. For the baseline, the correct probability even decreases by 1.27%.

[31 Knowledge Neurons in Pretrained Transformers, ACL, 2022



Additional Parameters

NEREIINAWEEIEPEEII0, BRI LARPRIXPMANAR

Erased Relations Perplexity (Erased Relation) Perplexity (Other Relations)
Before Erasing After Erasing Before Erasing After Erasing
P19 (place_of_birth) 1450.0 2996.0 (+106.6%) 120.3 121.6 (+1.1%)
P27 (country_of_citizenship) 28.0 38.3 (+36.7%) 143.6 149.5 (+4.2%)
P106 (occupation) 2279.0 5202.0 (+128.2%) 120.1 125.3 (+4.3%)
P937 (work_location) 58.0 140.0 (+141.2%) 138.0 151.9 (+10.1%)

Table 5: Case studies of erasing relations. The influence on knowledge expression is measured by the perplexity
change. The knowledge erasing operation significantly affects the erased relation, and has just a moderate influence
on the expression of other knowledge.

m

. 1
log(perplexity(S)) = = Zp(wﬁwl,wg, v WEL)
i=1

[31 Knowledge Neurons in Pretrained Transformers, ACL, 2022
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Additional Parameters

Standard FFN (query q)
a = Act(q - K + by)
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Additional Parameters

Property 1 Reliability: the post-edit model should output the desired prediction:
f(re) = Ya, (2)

Property 2 Generality: given an edit example ., E, = {2;|y., = Y. } is defined as the set of
its equivalent inputs (e.g. rephrased sentences). Then the post-edit model [’ should satisfy:

Vz; € Be, f/(25) = v, (3)

Property 3 Locality: the edit should be implemented locally and precisely, which means the post-
edit model should remain accurate on the irrelevant examples set 1, = X\E,, :

V25 € I, ' (&5) = ba, 4)
In particular, an edit should not disrupt the results of past edits in SME setting, which means:
ft(xk) = Yaxyp s fOl’ k where fk'—l(ajk’) # Yz, (5)

[4ITransformer-Patcher: One Mistake worth One Neuron, ICLR 2023



Additional Parameters FFN,(q) = FFN(q)
1. Reliability :

the patch key k,, and patch bias b,, should satisfy:

(I}p bt vp

a, = Act(q. -k, +by) #0 (11)
When Act is ReLU or GeLU, the above condition can be approximated as follows:
q. -k, +b,>0 (12)

To meet the constraint 12, we propose a activation loss [/, to maximize the activation value:

lo = exp(—qe - kp — by)) (13)

Formally, for an edit example (., y.), the patched model’s output is pe, I. is defined as:

](’ — L(yespe> (14)

where L(-) is a function of label y. and model output p. and depends on the specific task.

2. Locality:

that all queries from irrelevant examples g; should have a patch activation value less than or equal
to a threshold /3, i.e., the maximum of them is less than or equal to j3:

Viel, ,q;-k,+b,< B —>max(q;- -k, +5,) <P (15)

e

[4ITransformer-Patcher: One Mistake worth One Neuron, ICLR 2023



Additional Parameters FFN,(q) = FFN(q)
1. Reliability :

(I}p bt vp

Thus we propose the memory loss [,,, to enforce the constraint 15. To imitate the distribution of
queries from irrelevant examples, we randomly retain some queries from previously seen examples
as memories. Each query is a d-dimensional vector and we can stack them as a matrix M € R%m x4,
where d,,, is the number of queries saved. Our proposed memory loss /,,, is the sum of two terms.
The first term [,,,1 1s introduced to make the patch inactivated to all queries in M':

b1 = S(M -k, + b, — 3; k) (16)
where S(-; k) is a function that receives a vector v and outputs a scalar

S(vik) = Avg[TopK(exp(v); k)] (17)

In case that /,,,1 can not absolutely ensure the constraint 15,
we propose [,,2 to distance the activation value of q. and q;. That is, the activation value of the
mistaken example is larger than that of the irrelevant examples by a certain margin +.

lm2 = S(M — qe) - kp + by — 73 k) (18)
To sum up, the loss [, for training a patch is defined as a weighted sum of the above losses:

lp = le + ala + ml'm = le =i ala + m(l'ml + lTrLQ) (19)

[4ITransformer-Patcher: One Mistake worth One Neuron, ICLR 2023
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U T-Patcher shows good performance for continual learning.

FEVER Fact-Checking zsRE Question-Answering
BERT-base (110M) BART-base (139M)
S SR GR ER TrainR TestR | SR GR ER  TraimR TestR
FT(last) 100 061 059 0893 0946 | 1.00 058 030 0914 0924
FT(all) 100 074 083 0968 0994 | .00 068 043 0865 0910

FT(last)+KL 1.00 053 045 0.968 0998 | 1.00 057 0.28 0.923 0.933
FT(al)+KL  1.00 0.71 049 0.998 1.011 | 1.00 0.68 0.39 0.889 0.925

MEND 0.04 0.03 0.06 0.349 0.652 | 0.41 0.37 0.00 0.000 0.000
KE' 0.14 0.12 0.28 0.486 0.650 | 0.09 0.08 0.00 0.000 0.000
SERA' 1.00 0.89 1.00 0.904 0916 | 1.00 090 098 0.906 0.901

T-Patcher 1.00 0.82 1.00 0.999 1.000 | 1.00* 0.82 0.99 0.997 0.996

D But the COmpUtatlon |S SIOW Editor COUNTERFACT ZsRE

FT-L 35.94s 58.86s
SERAC 5.31s 6.51s
CaliNet 1.88s 1.93s

| T-Patcher 1864.74s  1825.154]
KE 2.20s 2.21s
MEND 0.51s 0.52s
KN 225.43s 173.57s
ROME 147.2s 183.0s
MEMIT 143.2s 145.6s

[4ITransformer-Patcher: One Mistake worth One Neuron, ICLR 2023
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This paradigm 1nitially identifies parameters corresponding to

specific knowledge and modifies them through direct updates to the

target parameters.

The effectiveness of location is still controversial!

[3] Locating and Editing Factual Associations in GPT. NeurIPS 2022



Locate-Then-Edit

This paradigm 1nitially identifies parameters corresponding to specific
knowledge and modifies them through direct updates to the target parameters.

BB BE LR HEAYR] R
How and where a model stores its factual associations?
=> FNN

Then we can
=> Locate
=> Fix mistakes.
=> Help us to understand huge opaque neural networks.

[3] Locating and Editing Factual Associations in GPT. NeurIPS 2022
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Figure 2: Illustration of how an FFN module in a Transformer block works as a key-value memory. The first linear
layer FFN(eY) computes intermediate neurons through inner product. Taking the activation of these neurons as
weights, the second linear layer FEN(v2) integrates value vectors through weighted sum. We hypothesize that
knowledge neurons in the FFN module are responsible for expressing factual knowledge.

21 Knowledge Neurons in Pretrained Transformers, ACL, 2022
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Figure 1: Causal Traces compute the causal effect of neuron activations by running the network twice: (a)
once normally, and (b) once where we corrupt the subject token and then (c) restore selected internal activations
to their clean value. (d) Some sets of activations cause the output to return to the original prediction; the light
blue path shows an example of information flow. The causal impact on output probability is mapped for the
effect of (e) each hidden state on the prediction, (f) only MLP activations, and (g) only attention activations.

°] Locating and Editing Factual Associations in GPT. NeurIPS 2022
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Figure 4: Editing one MLP layer with ROME. To associate Space Needle with Paris, the ROME method

inserts a new (k«, v ) association into layer [*,

where (a) key k. is determined by the subject and (b) value v.

is optimized to select the object. (c) Hidden state at layer ™ and token 7 is expanded to produce (d) the key
vector k. for the subject. (e) To write new value vector v, into the layer, (f) we calculate a rank-one update
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°] Locating and Editing Factual Associations in GPT. NeurIPS 2022
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Figure 4: Editing one MLP layer with ROME. To associate Space Needle with Paris, the ROME method
inserts a new (k«, v« ) association into layer [*, where (a) key k. is determined by the subject and (b) value v,
is optimized to select the object. (c) Hidden state at layer ™ and token 7 is expanded to produce (d) the key
vector k. for the subject, (e) To write new value vector v.« into the layer, (f) we calculate a rank-one update
ACT k)T to cause W'Y k., = v, while minimizing interference with other memories stored in the layer.

proj ¥

S8 2: &% v, KONZEEL. EFTE, BRIFERE—LEEEE V" |, BHXEK (r,0") HEA
s WEH. BEINRE v, = argmin, L(z) , HE+Bix L(z) A:

N
1 *
N E —logIP’G(mEz*)::z) [o* | z; + pl + DkL (PG(mEﬁ*):zz) [z | p'] ”]P)G [z | Pl]) :

j=I

v

(a) Maximizing o™ probability

-

>

(b) Controlling essence drift

[3] Locating and Editing Factual Associations in GP'I'. NeurlPS 2022



Meta-learning

Who is the current
president of the US?

e ™
Large Language Models

Donald Trump

(a) Preserve Models’ Parameters

Update addition parameter L
Additional Parameters '
y .|k
(T
= ® ®
o ek PN
D it Retrieve l . [Q @(:)@]
Pre-Edit & \ | o NS

i -:,E‘:Where does Messi play? [The curreni‘ presidenf OF] | © C)

Post-Edit 0,

Memory Based \‘:\:ParisSain.trGermain the US is Joe Biden

(b) Modify Models’ Parameters

Meta-learning

Locate and Edit

Pre-Edit @

Find Error Neurons

Post-Edit 0,

An overview of two paradigms of model editing for LL.Ms.



Meta-learning

(b) Modify Models’ Parameters

= { \i“\w
. O

Meta-learning

/

Meta-learning methods employ a hyper-network to learn

the necessary A for editing the LLMs.

[6] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf



Meta-learning

Hyper EditoriiTHIMER:

- Single examples: If presented with only a single problematic input and new
desired output, fine-tuning approaches tend to overfit;

- Huge amount of computation: other editing algorithms are either computationally

infeasible or simply ineffective when applied to very large models.

XEBGENE— FICLR22BIT/EMENO, MENOI&IH T —" Edited model,

Edited modelRJ AR gradientiH{ TRk B, i {Ld1Tstandard fine-tuningfS 2
gradient

[4] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf
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Editing a Pre-Trained Model with MEND

x, = "Who is the prime y, = "Boris Johnson” x, = "Who is the
minister of the UK?" ‘ UK PM?”
— — ~
v Ya MEND Yo \

Pre-trained model (pf,)1 N VW [ Edited model (pg_%f Po_v (- |x)

O
250 |- =
04
. O 0.2
O - -
O O Boris Theresa

Johnson May

po(-|x,) VW ->

06 -
-» -

0.4

02 : 5

0

Boris Theresa
Johnson May

Figure 1: The proposed algorithm MEND enables editability by training a collection of MLPs to modify model
gradients to produce local model edits that do not damage model performance on unrelated inputs. MEND 1is
efficient to train and apply edits, even for very large models, as shown in Section 5.1.

EXEEAIEM N EREEE S
1. WMaJEFEdited model ?
2. Edited model:Z280{a{11standard fine-tuningf§ZlAYgradient ?

[4] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf
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FOZBIHEY—E, EditBIXSSERNZEEdit exampleLA K example neighborhood; [a]AY

unrelated examplefRfFAED

Requirement: an “edit dataset” Dedit = { (Zedit, Xout, Xin, Vin) }

W_) %/_J
Perform edit Promote generalization
inside eq. neighborhood
— H H tH]
Zedit = “Who is the UK PM? Boris Johnson Prevent changes oytside
Xout = “What team does Messi play for?” eq. neighborhood

Xin = “The prime minister of the UK is currently who?”
yin = “Boris Johnson”

[6] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf
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Requirement: an “edit dataset” Dedit = { (Zedit, Xout, Xin, Vin)}

Zedit = “Who is the UK PM? Boris Johnson”
Xout = “What team does Messi play for?”

%/_J w_J
Perform edit Promote generalization
inside eq. neighborhood

Prevent changes outside
eq. neighborhood

Xin = “The prime minister of the UK is currently who?”

yin = “Boris Johnson”

Inner loop

(run the editor)

9@ — Ed|t¢(9, Zedit)
T

Editor parameters

Learn to transform gradient

Outer loop
(etisnl ladit Wotiet) Change predictions of
g i 1
Le e — log pge (yin | Xin) neighborhood!

Llocal = KL (p()( ' |X0ut) ”pé’c( . |X0ut) )

Keep predictions the
same everywhere else!

[6] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf
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Object: an efficient, expressive gradient transform

Gradient of loss
wrt layer output

|

T
ng = 5311;2 e

|

Layer input

Low-rank
linear layer

Low-rank
linear layer

— T ~T
= VWg — 5g’u,£
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Total algorithm

Algorithm 1 MEND Training Algorithm 2 MEND Edit Procedure

1: Input: Pre-trained ps,,, weights to make 1: procedure EDIT(0, W, @, Te, Ye)
editable W, editor params ¢o, edit dataset 2: P < ps,,, (ye|z.), caching input u, to W, € W

D", edit-locality tradeoff ced; 3: L(B,W) <« —logp > Compute NLL
2: fort € 1,2,...do 4: for W, € WWdo
3:  Sample e, Ye, b, Yo, Tioc ~ D5, 5: 5g+1 — Vwug+byle(Te, Ye) > Grad wrt output
4: W + EDIT(Ow, W, dt—1, Te, Ye) 6: | tip, i1 < Go, (s 5pir) > Pseudo-acts/deltas
5t Le <= —logpe, (yelze) T W+ Wy — doqr1tly > Layer £ model edit
6:  Lioc < KL(poyy, (+|Z10c)[|Po,, (+[F10c)) 8: W« {Wh,.., Wi}
70 L(¢t—1) 4= CeditLe + Lioc 9: return W > Return edited weights
8: ¢ < Adam (¢¢—1, Vo L(pt—1))

[6] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf



‘ Can We Edit Multimodal Large Language Models?

A ladder is A
{on the ground.} % [is on the ground.} v
| Image ' ‘
X (understanding
[ J ed\ error ~
ﬂ/,,

| | N,
This picture
)) } ‘ depicts I

10‘,1 \

<2 Vo4
é@"‘\ ; 4% &> |Updates
\

&

{A clock looks like a little bear. | |A r ]

Figure 1: Overview of the multimodal model editing
task. The editing target is to update the model’s under-
standing of the edited input (e.g., image or text), while
ensuring its interpretation of unrelated inputs remains
as consistent as possible.

[7] Can We Edit Multimodal Large Language Models? EMNLP 2023.

How many
kyscrapers are there?

What is the number of
high-rise buildings in the city?
|

When did prison
break season 4 come out?

@Edit scope * Edit target .’ In-scope M Out-of-scope

Figure 3: Taking the text modality as an example, Edit
target and its generalization pertain to in-scope, which
involves querying the quantity of skyscrapers in a given
image, while the out-of-scope refers to inquiries about
the publication date. In-scope inputs require editing,
whereas out-of-scope inputs remain unchanged.



Can We Edit Multimodal Large Language Models?

g Before Editing
(=)
I
— ﬁA bird is flying on the sky.}

) F':) After Editing

What are shown T P
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Figure 2: Utilizing multimodal LLM (e.g., BLIP-2 OPT) as an example, we dissect the comprehensive multimodal
LLM into two components (Vision module and Textual module). The model’s erroneous output could potentially
stem from either or both of these modules. Drawing an analogy with human errors in “vision” and “speech”, we
apply model editing methods to these two components, thereby changing the model to refine its output.



Can We Edit Multimodal Large Language Models?

Comparison methods Evaluation metric
Base model: BLIP-2 OPT. / MiniGPT-4. v' Reliability.
Mr‘el - E(ie,xe,)"e)’“ﬂcdit [ﬂf(iesxce;ge(ieaxea}Je)):)"e]
: . 1
Base Model v" Locality (text and image). &
Base Methods  FT (vision block) ME — By 5500 [ gm0l e (60 ]
FT (last layer) ,
Mlonzage = E(istv’YV)NZ)loc—v []]'f(iv’xv§0e):f(iv’xv;9)]
(3)
Knowledge Editor where (iy,x,,yy,) is the out-of-scope data, and
o 6. denote the parameter updated by edit data
Model Editing In-Context Editing (ies Xes Ye)-
SERAC v" Generality (text and image).
Mg = Blx)oN o) [Lf Gersrife)=1 tierrei00) ]
MEND o (4)
Mgen** = E(i,)~NGie) [ﬂf<ir,xe;ae>=f(ie,xe;ae>25)

where i, presents the rephrased image, x, refers
to the rephrased text prompt, and N (x) denotes to
in-scope objects of x.

[7] Can We Edit Multimodal Large Language Models? EMNLP 2023.



Can We Edit Multimodal Large Language Models?

Task: VQA and Image-Caption * Generality Dataset Construction
. ey { Diverse Text Generation
* Reliability Degit. 4 .
[j Question':
Our foundational edit data originates from | ([Whatare Y"j}“"“‘“g i
suboptimal entries across two eval datasets, (R Prompt Gration;, |

. i | "Please rewrite the followin Prompt Optimization
Ilamely, VQAV2 and COCO CaptIOIl. question in a different way. ¢
i | Please do not include the
¢ | original question... What are E> é ChatGLM:
: | you looking for?" "What is it that you seek?"

* Locality Dataset Construction L T
{ Diverse Image Generation ’
NQ dataset & OK-VQA (8 < N :
: aption: T —
: | "A wood table holding an @ Stable lef“son'
assortment of cooking utensils." . 7
: i TR ~ R

s Prompt Creation:

"A wood table holding an...
Positive prompt: masterpiece,

i | bestquality... Negative prompt:
§ EasyNegative, disfigured..."

0
...............................................................................................................

Figure 4: Generality dataset construction process.



Eprting VQA EpITING IMAGE CAPTION

Method Reliability T T-Generality T T-Locality T M-Locality T Reliability T T-Generality T T-Locality T M-Locality T
BLIP-2 OPT Size: 3.8B
Base Model 0.00 0.00 100.0 100.0 0.00 0.00 100.0 100.0
Base Methods  FT (vision block) 56.28 29.88 100.0 11.32 0.08 0.00 100.0 7.31
FT (last layer) 58.70 15.33 78.86 2.86 0.24 0.10 67.67 391
Knowledge Editor 67.80 63.00 97.32 45.89 69.00 62.80 96.21 45.55
Model Editing In-Context Editing 99.95 91.59 13.16 1.88 96.70 78.20 13.36 2.17
SERAC 91.20 91.40 100.0 0.33 94.40 96.00 100.0 0.47
MEND 92.60 90.80 96.07 65.15 65.00 38.00 92.67 S5.72
MiniGPT-4 Size: 7.3B
Base Model 0.00 0.00 100.0 100.0 0.00 0.00 100.0 100.0
Base Methods  FT (vision block) 39.58 0.98 100.0 3.96 0.63 0.00 100.0 5.13
FT (last layer) 39.57 0.58 72.01 16.42 2.75 0.00 35:52 9.28
Knowledge Editor 87.77 86.62 97.15 55.77 35.10 24.20 96.78 S$2.29
Model Editing In-Context Editing 7172 40.23 13.46 2.00 68.60 59.80 12.51 2.96
SERAC 87.20 84.60 100.0 0.33 40.20 36.60 100.0 0.97
MEND 95.51 95.27 98.73 71.33 87.10 84.10 98.34 59.53

Table 2: Main results on the MMEdit. T-Locality, M-Locality refer to the textual and multimodal stability.
T-Generality represents textual generality. Reliability denotes the accuracy of successful editing.
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