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Background

 Large language model knowledge update
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Large language models (LLMs) need to frequently update their knowledge in
practical applications to correct errors or outdated information.




Background

 SFT vs. Model Editing —

fine tune

Joe Biden Joe Biden
Data LLM Donald Trump x Donald Trump q/

SFT Model Editing
Comparison
SFT Model Editing
Objective  Improve overall performance on a task or domain =~ Make precise changes to specific knowledge or behaviors
Cost Requires thousands of examples and full Achieved with minimal data and computation
parameter updates
Impact Risks altering model behavior on unrelated tasks Aims to preserve the model's general capabilities

Yao, Yunzhi, et al. "Editing Large Language Models: Problems, Methods, and Opportunities." EMNLP. 2023. 4



Background

e Mainstream Methods

(a) Fix k, by subject token

Space
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Countor;a:tuul model E,\. Base model (frozen) ),E RH ]RD E diting
; —— L
No Rayleigh scattering —|—A (C‘lk:*)T
Parameter-Preserving Methods Parameter-Modifying Methods
Introduce an external module to store editing Modify the model parameters directly to adapt to the
knowledge and freeze the original parameters new knowledge

Mitchell, Eric, et al. "Memory-based model editing at scale." ICML, 2022. Meng, Kevin, et al. "Locating and editing factual associations in gpt.", Neurips2022 5



Limitations

Knowledge Conflict
Reverse Edit
{Edit (i) Marie's husband is Pierre = Jacques

Edit (ii) Jacques's wife is Marte = Maurice

—
> Jacques is the husband of _ . -
Marie Jacai
(i) Marie X K acqes
Maurice (/

(ii) Maurice o —
) Conflict Eodmg

Composite Edit
Fact: The notable work of Shakespeare is Hamlet.

{Edit (i) Hamlet was written in Engtish = French
Edit (ii) Shakespeare wrote in French = German

Fmrf/-b Hamlet —\A’idir @

Shakespeare

French D
s Conflict
\mr_@l)”? German
logical rule: NotableWorkAWrittenIn.Language

> What language was Halmet written in ?
(i) French X (i) German o

Knowledge conflict

Li, Zhoubo, et al. "Unveiling the pitfalls of knowledge editing for large language models."
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Gu, Jia-Chen, et al. "Model Editing Harms General Abilities of Large Language Models:
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(b) NLI
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Regularization to the Rescue.", EMNLP 2024
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(c) Open-domain QA
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Background
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* Main Framework

(a) Trisynaptic Circuit in the Hippocampus
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Methods

(b) Our proposed method HSE
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Methods

 Memory-directed Active Forgetting via Machine Unlearning

s __memorizing LLMs can selectively forget outdated knowledge while
editing layer ; : .. . :
l & efficiently acquiring and integrating new knowledge
Lecg I
| Boos T2 ‘
Edit' M W/ 17 . S s
daiad SN K; % W, =V, = p AT ‘M ¢" = argmin{ —a >~ logps(ylz) —(1—a) Z log[1 — ps(ylz)]}
encoding A other &P . i i ,
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Methods

 Memory Stability Preservation via Fisher Information Matrix

editing layer

edit; o B — FIM constrains the update magnitude of parameters with significant
encoding K; % i influence on the model outputs, and permits more substantial updates
for parameters with less impact on the model outputs.
o [e]e]e®
ngh i FIM (i T [5-1: . -El.“_ 1
. Magmtudc ®FIM control : : : P( IF'E] M ( T Rl - F )
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Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." , PNAS 2017. 10



Methods

(@parameter 5= 5.k,(C, + (IIEI;-‘I;-?S;-T;: 1 L+ KK 0=
replay Knowledge pairs 1=
replay N pper Y _ o

K[;{Ty ZKKT {( ’ )} =0 —

editi a5 edtt ;
—.Ki ) 4 VV; o Vi —LHKHl Wi+1 - Vi+1
encoding encoding

Theorem 2. Assume that W after the iy, sequential edit is denoted as W,. The knr;wfed%ﬂe pairs
associated with the i, edit is repreuenred by keys K; and values V;. Lef Co=AcKpK;:, §; =

Vi — Wi K; and Cov_sum;_ = E =1 K K Ac is hyperparameter. The convergence factor
o= 2= (2 = 1) ensures the convergence of the sum of A; and balances the degree of consolidation
for different editing knowledve. Then it follows that:
W, =W+ A amn
Ai = KT (Co + aiCov_sumi—1 + KiK]) ™, (18)

11



Theoretical Analysis

Lemma 1 ([31]. Theorem 5.5). Consider a loss function L such that 0 < L(p,y) < L and y-Lipschitz
with respect to the output distribution p and ground-truth label y. Suppose that the Adam optimizer
with stabilization constant ¢ € (0, 1) is executed for 1" iterations with an initial random parameters
R, training set S = {(x:,4:)" | }, batch data 3 = {[ﬂ,, Wi },‘ \ } and learning rate X to obtain [p. g.
The empirical risk Remp is defined as Bemp (fnsm) = Et  LOf(x:), wi) on a finite training set.
The true risk By (fB5 ®) is estimated with the empirical risk over the whole dataset that follows the
distribution of the training set. The generalization error E(fp_; r) = By (fB2r) — Bemp (f35,7)-
Then, we have the following generalization error bound with probability at least 1 — ¢ :

E(fBs.r) < 2—: (4 (ﬂ) VT log(2/e) + _(1 + W}) f Ing{QE]

N 2N &

Corollary 1. Consider LLMy are trained using the CE loss and MAF loss separately over the same

training set 5, baich data I35 and other settings. Denote fc PR, gmr‘ ay the corresponding LLMs
using CE losy and MAF loss. We have the following mequahf:m
1 { fMAF + f pOE
E(f5or) < E(f55x) (29)

This indicates that our method, after editing for specific

queries, can adapt effectively to more generalized scenarios.

Theorem 2. Assume that W after the iy, sequential edit is denoted as W,. The knowledge pairs
associated with the iy, edif iy repre'\en.terd by kevs K and values Vi, Let Cy = AoKoK,, §; =

Vi — W, (K and Cov_sumy; | = E K K . A is hyperparameter. The convergence factor
oy = = (i = 1) ensures the convergence af Ihe sum of A; and balances the degree of consolidation
Jor different editing knowledge. Then it follows that:

(7
(18)

Corollary 2 (Convergence). Given A; as defined in T?wammlg, let oy = 25 (i > 1) and the

minimum eigenvalue of Cy and the maximum eigenvalue of K; K (K, € R9) are all at least 1.
Assume that for all indices 1 < g, K; are mutually orthogonal (practical). Then the Frobenius norm

Wi=Wi1+ A
A= ('.l‘;'K?{:Cn + oo _sumi—1 + K;‘K,-T}_I.l_

lim ||W,||F converges.

TL—3 30

The long-term editing memory mechanism
ensures parameter updates converge

12



* Main Results
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Results

Counterfact Metrics
Gen.

(b)
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SEFf, Y Eff.
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FT-L
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Flu. —— MEMIT
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e, Con. RECT
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Spe.
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For all models, most baselines
suffer from catastrophic
performance degradation due to
model parameter collapse after
multiple edits

13



Results

« Compared to AlphaEdit HSE

A, Ky =0, As — R T _ _ I ;|
: : = &K, (Co+ a;Cov_sum;—1 + K:K; )™,
AlphaEdit AnKpTe =4, T Wi =Wl + Ay,
(Wn—l + An)Kn :Vna
A = argmin ([|(W + AP)K - V|2 + |AP|? + | APK,||*). Satisfy orthogonality

A

T

v An(KoK§ + -+ KnKJ) =Y (iK{ — W, 1 KK,
i i i i P
Aphardit = RK; P(Kpr P+ K K{P+1) 0= 0 » 1
1 = 1 \ zn = (Z 5;_1K5)(CQ + CO'U_Sumn—l & KHKTT)_la
— i=1

is not necessary, but is necessary

n—1
= = Ap + (Z 651K (Co + Cov_sumn—_1 + KoKy )"
=1

Table 1: Impact of Different range of o; (7 > 1) on sequential editing performance across 1000 samples using
the HSE Method. The best performance is highlighted in bold.

Counterfact ‘ ZsRE
Range of «; .
‘ EfficacyT GeneralizationT Specificity? Fluency? Consistency? | Efficacy! GeneralizationT Specificityl Wn-1Ko = Vo AS Sumptlon % Ay V _ W 1 K ,
— et - 2 n— 1
AlphaEdit 98.20+0.74 91.17+063 62.15+0a1 622.144142 32.40+029 95.60+0.87 93.14+001 40.05+035 S atis fy Wai K =W n—1
wlo a; 98.62+0.60 92.73 1052 76.08+053  624.49+076 32.35+033 97.60+0.74 95.13+068 39.12+042 T J— O
a; =n/(i — 1) (Ours) | 99.60+0.37 93.80+051 87.50+081  632.76+0s3 32.89+021 99.28+0.65 96.78-+049 41.90+031 CO nvergen ce an d Wn 1 Kn 1= Vn 1 - 1

;= n/?(i — 1) 99.20+0.48 92.82+093 81.75+062  626.31+158 32.05+027 98.80+0.5 96.01+076 38.42+045 t
o= Q’n/(i — 1) 95.40+0.91 88.30+077 88.72+056 630.76+129 31.40+0390 96.90+0.43 95.39+063 41.05+028 mO re ac cu r a e . — . .
G=n—i+2 | 9624rm  89.68+05 87.9010% 62949413 3212401 | 9524s0m  94.68:0m 4142402 introduce — _1 Ie Sultmg n

_sapproaches 0 more closely

Fang, Junfeng, et al. "Alphaedit: Null-space constrained knowledge editing for language models." , ICLR 2025. 14



Results

* Downstream Evaluation

(a)
—— HSE(Qurs)
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Figure 3: The general capabilities of the Llama3 model on the six tasks of the GLUE benchmark
after editing with the CounterFact (a) and ZsRE (b) datasets respectively.
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Results

* Ablation Study

Table 2: Ablation study results of the HSE method. This table presents the ablation study results for the HSE
method, detailing the contributions of individual components. AF: Active Forgetting module, responsible for

actively forgetting specific information. FIM: Fisher information matrix module, controlling parameter updates (a) Art Health
to preserve important knowledge. LEM: Long-term Editing Memory module, reinforcing edited knowledge - i
and preventing parameter proliferation. ER: Experience Replay module, used in continual learning to mitigate e "
- - - w
catastrophic forgetting by replaying a subset of data. ] 2
] 2
Counterfact ZsRE 5 g
Edit Mode | - | 8 £
| Efficacy? Generalizationt Specificity? Fluency? Consistency? | Efficacyl Generalizationt Specificity] (=}
HSE (Ours) 99.60 1037 93.80 105 87.50 084 632761040 3289102 99.28 05 96.78 1049 41.90 103 L R L 0
wio AF 96.20 1042 90.15 10 86.400a  628.19) 158 30.8510m 96.25 1059 94.23 1096 41.00 1045 6 Parameter Index & Parameter Index
w/o FIM 98.10 1091 92.04 1043 82.10106  624.05 109 31.0610 99.02 1038 95.14 1063 40.10 1 0.2 b Art Health
| w/o LEM 6085 108 55.62 1055 53181030 3628512 4.53 1010 10.05 1072 621 10m 9.20102 | ( ) %
wifo LEM, w ER | 81.26 048 T3.50 1 083 T6. 100062 51862110 1429027 4250 1043 38.72 10 26.14 10m ‘s
E —
re-edit wj/o forgettin F-learnin HSE W :
=, O o =] @ 2 @
&= £ £ £ S =)
=% 5 5 g g g
-% @ a @ - 0.6, 5 [
-0 = = = - =] a
os £ £ ] =
a E' E S E‘ 0.4 § R R e 0
E-E 2 = 2 5 & Parameter Index 6 Parameter Index
02
S5 § g i . b i : -
ER 5 5 5 Figure 8: Visualization of the top 100 values of the Fisher information matrix diagonal elements for

the ¢ parameters under the (a) HSE method and (b) without Fisher information matrix constraints,

Counterfact ZsRE Counterfact ZsRE :
respectively.

Counterfact ZsRE Counterfact ZsRE

Figure 7: Visualization of the average probability of generated tokens in pre-edit, w/o forgetting,
F-learning [47] and HSE conditions.
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Results

* Ablation Study

Llama3l GFT-] Mistral
2104
1200 [T 2 120 i — HSE
| —— wj/o long-term memory
110 a0 i -- F-norm surge
i
80 :
glﬂﬂ E !
- &L B0 !
90 I
40 i
'
80 3, - i =
0 250 500 750 1000 0 250 S00 750 1000 0 250 500 750 1000
Step Step Step

Figure 9: Line chart showing the changes in F-Norm values for the HSE method and without
Long-term editing memory.

The larger the F-norm of the original LLMs,
the more "resistant to editing' they become,
allowing them to maintain their general
capabilities even more editing iterations.

For our HSE method, the F-norm of
edited parameters increases much
more gradually
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Results

. . . i Generalization it Locality . Efficacy :
* Practical Application . - : =i
5 % ' | m— HSE (Ours)
. . Em o ”
Hallucination ¢ = s "
e 0 ° 5 o 40 an
. . . mitigation 0 0 -
Societal bias reduction . x »
10 10 1]
. = 100 B i % 4 &l Y i S
MEMIT L
3 Figure 4: Performance comparison results of our proposed HSE method on the Llama3 across 9
FTL 60 E domains of the HalluFEdit dataset.
E == Original = Original
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e knowledge e a0l ‘
20 701
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60|
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2
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Efficacy Generalization Locality ' 50/

40+ 401

Figure 6: Heatmap illustrating the performance comparison of various methods on the SafeEdit 0 301
dataset. The notation “w/o F” indicates that no forgetting mechanism was applied to the harmful data 201 20/
instances. 10/ 104
0 Efficacy Generalization o

Locality

Efficacy Generalization ~ Locality

Figure 5: Comparison of Editing Performance for the healthcare LLMs Llama3 Aloe-8B-Alpha (a)
and OpenBioLLM-8B (b) on the Health Domain of the HalluEdit Dataset.
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Results

« Sequential Editing Compared to Full-batch Editing

Table 3: Comparison of training time across different methods and sample sizes.

samples HSE(Ours) MEMIT full w/o FIM w/o Active Forget
10 Imin 3min Imin Imin

100 10.5min 65min 10min I Imin

1000 101min 850min 97min 100min

3000 251min / 242min 252min

Table 4: Comparison of Time Complexities: One-edit refers to a single edit operation, while n-edit refers
to editing n times. Performance Comparison of Editing 1,000 and 10,000 Counterfact samples using HSE
(Sequential Editing) vs MEMITy,; (Full-Batch Editing) in Llama3-8B The best performance is highlighted in

bold.
N ol 2 3 HSE: O(n
One-edit Time Complexity AR R n-edit Time Complexity )
| MEMITsa: O(g2b + ¢%) | | MEMITg: O(n?)
1,000 s les 10,000 s, les
Editing mode . Editing method =

|Eﬂicacﬂ‘ Generalizationt Specificityf

|Eﬂicaqr1‘ Generalization] Specificityt

HSE (1 batch_size)
HSE (10 batch_size)
HSE (100 batch_size)
HSE (1,000 batch_size)
MEMITpn (1.000 batch_size)

99.60 103 93.80 1052 87.50 105
99.23 1020 90. 14101 87.79 10as
98.92 10 87.72 1086 8831 10m
98.50 1018 84.301050 88.50 10
97.5010x 81.02 105 85.24 1047

HSE (10 batch_size)
HSE (100 batch_size)
HSE (1,000 batch_size)
HSE (10,000 batch_size)
MEMITgy (10,000 batch_size)

98.02 1045 8248 1001 83.72 10,
97.84 1038 80.04 108 84.18 10ss
96.21 101 T7.55am 84.66 1040
97.50 1027 80.20 1068 8515102
95.101052 76.42 1060 81.15 10

the time complexity of
MEMIT approaches n times
that of HSE sequential editing.

the robustness and adaptability of
HSE in handling varying data
volumes and batch sizes
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Future Works

e Future Works

Unstructured knowledge editing

. o o NEWS] & Knowledge of Opera
Multi-hop knowledge editing D] Knowledge of News ' : e "
Input: Introduce the latest Olympics. Input: Write the <Hamlet> for me.
Model Model Output: It was held in Paris, France.| |(ytput: Barnardo:
Before Edit After Edit Dates were from July 26 to (...) "T am Barnardo.
g Francisco:
=& ' iti Boris Johnson Rishi Sunak . 'T thank thee for thy good will;
TR W{}O is tf!e-currf;nt British Knowledge of Biology As for my own poor part,
= Prime Minister: o o Input: Write AU-rich element (ARE). a‘;}? nIOt}imol‘:i“b S
D Output: The AU-rich element (ARE) you’l B o (S © )On 0
5 RNA sequence is 5~AUUUAUU(...) < - - /
S : s
= = Who is currently the head Boris Johnson Rishi Sunak .
4 = o B i |
o % Of the British gover"ment? o o Knowledge of Chemistry > I.{nowledge of Code
o Input: The properties of C6H6 are? Input: Find n-th bell number.
&
Output: Benzene (C6H6) is a planar, Output: def bell_Number(n): \r bell =
=] ) : . cyclic molecule with a hexagonal (...) [0 for i in range(n+1)] for j in range (...)
= 'é Who is married to the Carrie Johnson Carrie Johnson
© & British Prime Minister? O 0 Knowledge of Math
O []
Input: If y > 0, please tell me (7y) / 20 + (3y) / 10 is what percent of y?

Output: To find what percent the expression ((\frac{7y} {20} + \frac{3y}{10})) is of
y, we first need to simplify the expression. First, let's find a common denominator (...)

New Fact: The current British Prime Minister is Rishi Sunak.

Jiang, Houcheng, et al. "AnyEdit: Edit Any Knowledge Encoded in Language Models.", ICML 2025. 20
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