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. 0P null-space projection
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Figure 1. To avoid forgetting, we train network in the layer-wise
null space of the corresponding uncentered covariance of all input
features of previous tasks.



. 0P null-space projection
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By applying SVD to X/_,, we have

UL AL (U')T = SVD(X/_)), (5)
.-
where U' = [U},U}] and A! = [ﬁ[k}l :\” If all singular
Ag

values of zero are in Al, ie., AL = 0, then X]_,Ul =
UIA (UDTUL = 0 holds, since U is an unitary matrix.
It suggests that the range space of U2 is the null space of
X/_,. Thus we can get the parameter update Aw! _ lying in
the null space of X]_, by

Aw! = UNUS) gt , ©)

with UL(UL)T as projection operator
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0P null-space projection
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Figure 3. Singular values of uncentered covariance matrix at dif-
ferent layers of pretrained ResNet-18 on ImageNet ILSVRC 2012.
Orange curves denote the singular values smaller than SDAfI,,-,l.
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Figure 2. The pipeline of our algorithm.
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Figure 5. Stability and plasticity analysis.

Top:

10-split-

CIFAR-100. Middle: 20-split-CIFAR-100. Bottom: 25-split-

TinylmageNet.

ez k¥

PEKING UNIVERSITY

= —
re =
1 ']

= 0.6
2
5 044
=
0.2+
004 r_‘__...———-ﬁr— L i ¥ +
T2 T Ts Ts To
Task

Figure 6. The curves of training losses of network on tasks 71, 72
and 73 when the network is trained on sequential tasks.
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Model Editing

An autoregressive large language model (LLM) predicts the next token @ in a sequence based on the
preceding tokens. Specifically, the hidden state of z at layer [ within the model, denoted as h!, can
be calculated as:

hi=hi—l+ai+mi1 m.!:WI J{“/if],}_{hi—l_i_a!))‘ (1)

out

where a' and m' represent the outputs of the attention block and the feed-forward network (FFN)
layer, respectively;: W,! and W/ are the weight matrices of the FFN layers; o is the non-linear

activation function, and ~ denotes the layer normalization. Following Meng et al. (2022), we express
the attention and FFN modules i parallel here.

It 1s worth noting that WquL within FFN layers is often interpreted as a linear associative memory,
functioning as key-value storage for information retrieval (Geva et al., 2021). Specifically, if the
knowledge stored in LLMs is formalized as (s, r, 0) — representing subject s, relation r, and object
0 (e.g., s = “The latest Olympic Game”, r = “was held in”, 0 = “Paris”) — W/ associates a set
of input keys k encoding (s, r) with corresponding values v encoding (o). That is,

ml =W, o(w:iwf—‘ +a')).

out N
v k
This interpretation has inspired most model editing methods to modify the FFN layers for knowledge
updates (Hase et al., 2023; Li et al., 2024a; Hu et al., 2024). For simplicity, we use W to refer to
W/, in the following sections.

(2)



. OYB Model Editing
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Although K is difficult to obtain directly since we hardly have access to the LLM’s full extent of
knowledge, it can be estimated using abundant text input (Meng et al.,, 2023). In practical applications,
100, 000 (s, r, o) triplets from Wikipedia are typically randomly seflected to encode K (Meng et al.,
2023), making K a high-dimensional matrix with 100, 000 columns (i.e., K € Rd0*100,000) Gee
Appendix B.| for detailed implementation steps.

10



. 0P AlphaEdit

AR

-1
- WK, K| (K\Kj + K,K[) . (6)

mnE W+ AVK, = WK, =V,.
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Following the existing methods for conducting null space projection (Wang et al., 2021), we first
apply a Singular Value Decomposition (SVD) to K(K;)':
{U,A,(U)"} =SVD (Ky(Ky)" ), (8)

where each column in U is an eigenvector of Ky(K ). Then, we remove the eigenvectors in U

that correspond to non-zero eigenvalues', and define the remaining submatrix as I/. Based on this,

the projection matrix P can be defined as follows:
P=UU)". (9)

This projection matrix can map the column vectors of A into the null space of Ky(Kj)?, as it
satisfies the condition AP - K,(K;)! = 0. The detailed derivation is exhibited in Appendix B.3.

Since K and K(Kj)" share the same null space, we can derive AP - K, = 0. Hence, we have:
(W+ AP)Ky) = WK, =V, (10)

This shows the projection matrix P ensures that the model edits occur without interference with the
preserved knowledge in LLLMs.

"nullspace_threshold":2e-2,

N



. 0P AlphaEdit

Amevit = RK{ (K,K! + K1 K] + KoK )~ (15)
For updated knowledge For preserved knowledge Struggle to balance K & Ky
L L o
A arg min ||r(W+ A)K,-V; |?2 +[|AK||* + ||A K| |:I'> AMEMIT :L“Q -
v k {ﬁ ;
Null
[Sﬂﬁﬂ;ﬂ [ Only One Line of Code for Projection! J

AP arg min ||(W + AP)K,—V,|? + ||APK,||> + ||AP|? T—— > AAlphaEdit ?@3

a - _J

-
For updated knowledge Focus solely on K
A = arg min ( (W + AP)K, — Vi||>+ |AP|? + ||5PKP||2) . (12)

A

To facilitate expression, we define the residual vector of the current editas R = V; — W K. Based
on this, Eqn. 12 can be solved using the normal equation (Lang, 2012):

(APK, - R)K{ P+ AP+ APK,K, P =0. (13)

Solving Eqn. 13 yields the final perturbation Aajpharait = AP which will be added to the model
parameters W':

A AlphaEdit = RKfP(KngP+K1KfP+I)_1. (14) 12
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Table 1: Comparison of AlphaEdit with existing methods on the sequential model editing task. Eff., Gen., Spe.,
Flu. and Consis. denote Efficacy, Generalization, Specificity, Fluency and Consistency, respectively. The best
results are highlighted in bold, while the second-best results are underlined.

Counterfact ZsRE

Method  Model

Eff.T Gen.T Spe.t Flu.t Consis.T Eff.1 Gen.| Spe.t

Pre-edited 7.85+026 105840 89481015 6352312001 241430, | 36991030 36.34+0w  31.89:022
FT 83.334037 67. 791040 46.631037 233721022 8. 77+0s | 30481026 3022403 15.49+017
MEND - 6324105 61.17+03% 4537203 372161050 421200 | 0.91100s 1.09+00s  0.531002
InstructEdit ‘“21: 66.58+024 6418403 47 141037 44385107 72810 1.58 1004 1.36+0m 1.01400s
ROME 3 64 402001 61421002 4944105 449061026 3310 | 2.01z0m 1.80+00m  0.691003
IIEI\ ;/Ij\: zooo/l\ 1:3; 2': , MEMIT = | 65.65:047 64.65:00 51.56za3 437431160  6.58:0m | 34.62:03 31.2810m 18491010
PRUNE 68.254046 6475104 4982103 418.03+152 590200 | 24771027 23.87+0n  20.69+02
. \
batch size3100. RECT 6605500 63.62400 6l4lsan 526.62:0u 20.54s00 | 8605502 80.54s0m 31.67+02
AlphaEdit 98.90+000 94.22:+0.00 67.881020 622491006 32.40+0u | 94471003 911310 325540
Pre-edited 16.224051  18.56104s 83.11x013 621.8lz0s7 29. 74105 | 26.321m7 257910 27.42:10s3
=+ .
g % . y; FT 92154027 723803 4335203 297921077 6.65200 | 72371029 6891z0n  19.66102
MEND 46.15+050 46.22105 5390104z 242411041 394 108 0.71 004 0.71 £om 0.52 1003
InstructEdit v 50624058 51.731042 56281050 245.89:040 421i0m 0.9210m 0.88+0m 0.654008
ROME E 57.50z04s 54.20200 5205203 589.421008 32210 | 56421042 54.65100 9.861016
MEMIT 98.55+011  95.501006 63.641051 54628105 34.89+015 | 94911006 9022105 30391027
PRUNE 86.152030 B6.8510» 53.87xess 427.1410s 14.78 011 0152002 0.15z00 0.00+000
RECT 98.80+010 86.58+0x T72.22+02s 61731000 41.39+012 | 96384004 91210 27.79+026
AlphaEdit 99751008 96.38+0.3 75481021 618501007 42.08:101s | 99.794004 96,0040 28291025
Pre-edited 2223407 24.3430e T8.53103 626.641051  31.881ew | 22.194024  31.30+0m 24151032
FT 63.551048 4220404 57.06+030 519351027 10.56zx00s | 37 11+03¢  33.30x0w 10361047
MEND 50.80+0s0  50.80+04 49204051 407214008 1.0l+0w | 0.00+000  0.00+0m  0.00z000
InstructEdit il 55.32405%  S53.631042 53251062 412.57100s 1.08 0.8 3.54 1003 42500 3.23 1004
ROME E 54.60+04s 51.18+00 5268033 366.13+100 0.72+0m | 47.50+043 43.56x002 14271000
MEMIT = 94. 704022 85.8210x 60501032 477261054 22721015 | 79172032 Tl 4410w 26421025
PRUNE 82.05+03s 7855203 53.02103s 530474039 1593+0n | 21.62+030 19.27+0x 131908
RECT 02.152026 81.15z0 65132051 480.83z062  21.05z01s | 81.024051  73.08203 24.85102s 13
AlphaEdit 99.50+024  93.95+03 6639051 597881008 39381015 | 9481030 86.11+ax  25.88+0m
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Figure 4: F1 scores of the post-edited LLaMA3 (8B) on six tasks (i.e., SST, MRPC, CoLA, RTE,
MMLU and NLI) used for general capability testing. Best viewed in color.
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Figure 5: The distribution of hidden representations of pre-edited and post-edited LLMs after
dimensionality reduction. The top and right curve graphs display the marginal distributions for two
reduced dimensions, where AlphaEdit consistently exhibits minimal shift. Best viewed in color.
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