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LLMs require con@nuous updates

Inaccurate informa-on 

“Sydney is the capital of Australia.” 

“Canberra is the capital of Australia.” 

Outdated informa-on 

“The last Summer Olympics held in Tokyo.” 

“The last Summer Olympics held in Paris.”
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Given 

Pretrained model   

Edit sequence   

At each edit step  

Find updated parameters  such that  

fθ : 𝒳 → 𝒴

𝒟edit = {(xt
e, yt

e)}t

t

θt fθt(x) = y, ∀(x, y) ∈ 𝒟≤t
edit ∪ 𝒟≤t

rephrase ∪ 𝒟train

Lifelong model edi@ng
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GeneralisaHonReliability Locality

Edit knowledge Edit knowledge Edit knowledge

Timestep

Residual memory Residual memory Residual memory Residual memory

Objec-ve: update an LLM to incorporate new knowledge while preserving prior knowledge



Lifelong model edi@ng
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Parametric method reaches a beNer performance tradeoff 
but suffer from forgeQng when the sequence is long 

Hypothesis: forgeQng arises from parameter overwriHng 
between edits

Rel.

Gen.Loc.

Non-parametric
Parametric

Objec-ve: update an LLM to incorporate new knowledge while preserving prior knowledge



MEMOIR
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Lifelong Model EdiHng with

Minimal Overwrite

Informed RetenHon

Hypothesis: forgeQng arises from parameter overwri-ng between edits

Rel.

Gen.Loc.
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Edi@ng layer with residual memory
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LLMs store factual knowledge mainly in the FFN 
projecHon layer , where 

 

We edit the zero-iniHalised copy of a single middle 
block’s  to update specific facts, denoted as 
residual memory  

Wproj

FFN(h) = Wprojσ(Wfch)

Wproj
Wm

Residual memory enables: 

✓ Preserving the rest of the pertained parameters 

✓ Parameter- and training-efficient

TopHash

Edit knowledge

TopHash

Edit knowledge

Timestep
<latexit sha1_base64="YhNExUIfsSJoYKCoghTHEqmOnzU=">AAAB+3icbVC7TsMwFL0pr1JeoYwsFhUSU5UgXmMlFsYi0VKpjSLHcVurjhPZDmoV5VdYGECIlR9h429w2gzQciTLR+fcKx+fIOFMacf5tipr6xubW9Xt2s7u3v6BfVjvqjiVhHZIzGPZC7CinAna0Uxz2kskxVHA6WMwuS38xycqFYvFg54l1IvwSLAhI1gbybfrgyDmoZpF5sqmuZ+5uW83nKYzB1olbkkaUKLt21+DMCZpRIUmHCvVd51EexmWmhFO89ogVTTBZIJHtG+owBFVXjbPnqNTo4RoGEtzhEZz9fdGhiNVxDOTEdZjtewV4n9eP9XDGy9jIkk1FWTx0DDlSMeoKAKFTFKi+cwQTCQzWREZY4mJNnXVTAnu8pdXSfe86V41L+8vGi2nrKMKx3ACZ+DCNbTgDtrQAQJTeIZXeLNy68V6tz4WoxWr3DmCP7A+fwDJ1ZTi</latexit>x1

Get activations Get activations

<latexit sha1_base64="Pxmg9ATfz3UKEYW/hpjEDFyas9I=">AAAB+3icbVA7T8MwGHTKq5RXKCOLRYXEVCUVr7ESC2OR6ENqo8hxnNaqY0e2g1pF+SssDCDEyh9h49/gtBmg5STLp7vvk88XJIwq7TjfVmVjc2t7p7pb29s/ODyyj+s9JVKJSRcLJuQgQIowyklXU83IIJEExQEj/WB6V/j9JyIVFfxRzxPixWjMaUQx0kby7fooECxU89hc2Sz3s1bu2w2n6SwA14lbkgYo0fHtr1EocBoTrjFDSg1dJ9FehqSmmJG8NkoVSRCeojEZGspRTJSXLbLn8NwoIYyENIdruFB/b2QoVkU8MxkjPVGrXiH+5w1THd16GeVJqgnHy4eilEEtYFEEDKkkWLO5IQhLarJCPEESYW3qqpkS3NUvr5Neq+leN68eLhttp6yjCk7BGbgALrgBbXAPOqALMJiBZ/AK3qzcerHerY/laMUqd07AH1ifP8talOM=</latexit>x2

<latexit sha1_base64="adV5rEF4rAUzZaNKjl9V7C9+8y0=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ8OIxonlAsoTZyWwyZHZ2mekVwpJP8OJBEa9+kTf/xkmyB00saCiquunuChIpDLrut1NYWV1b3yhulra2d3b3yvsHTROnmvEGi2Ws2wE1XArFGyhQ8naiOY0CyVvB6Hbqt564NiJWjzhOuB/RgRKhYBSt9IA3Xq9ccavuDGSZeDmpQI56r/zV7ccsjbhCJqkxHc9N0M+oRsEkn5S6qeEJZSM64B1LFY248bPZqRNyYpU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5N+kJzhnJsCWVa2FsJG1JNGdp0SjYEb/HlZdI8q3qX1Yv780rNzeMowhEcwyl4cAU1uIM6NIDBAJ7hFd4c6bw4787HvLXg5DOH8AfO5w/PtY1y</latexit>

t = 1
<latexit sha1_base64="BbKVvgioCizyykV0TuMFq2T2GUo=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6yIEvHiMaB6QLGF2MpsMmZ1dZnqFsOQTvHhQxKtf5M2/cZLsQRMLGoqqbrq7gkQKg6777aysrq1vbBa2its7u3v7pYPDpolTzXiDxTLW7YAaLoXiDRQoeTvRnEaB5K1gdDv1W09cGxGrRxwn3I/oQIlQMIpWesCbaq9UdivuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZqRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5N+kJzhnJsCWVa2FsJG1JNGdp0ijYEb/HlZdKsVrzLysX9ebnm5nEU4BhO4Aw8uIIa3EEdGsBgAM/wCm+OdF6cd+dj3rri5DNH8AfO5w/ROY1z</latexit>

t = 2 <latexit sha1_base64="wjZPxDMQAAMqDMn6wOUZ8MrRuIc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0jEr2PBi8eK1hbaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLK6tr6RnmzsrW9s7tX3T941EmmGDZZIhLVDqlGwSU2DTcC26lCGocCW+HoZuq3nlBpnsgHM04xiOlA8ogzaqx077pur1rzXG8Gskz8gtSgQKNX/er2E5bFKA0TVOuO76UmyKkynAmcVLqZxpSyER1gx1JJY9RBPjt1Qk6s0idRomxJQ2bq74mcxlqP49B2xtQM9aI3Ff/zOpmJroOcyzQzKNl8UZQJYhIy/Zv0uUJmxNgSyhS3txI2pIoyY9Op2BD8xZeXyeOZ61+6F3fntbpXxFGGIziGU/DhCupwCw1oAoMBPMMrvDnCeXHenY95a8kpZg7hD5zPH0m6jRo=</latexit>...

Residual memory Residual memory Residual memory

<latexit sha1_base64="Dym7DfStHtyfn6V1ZhDoz0V+jDI=">AAAB9XicbVC7TsMwFL3hWcqrwMhiUSExVQniNVZiYSwSfUhtqBzHaa06dmQ7QBX1P1gYQIiVf2Hjb3DaDNByJMtH59wrH58g4Uwb1/12lpZXVtfWSxvlza3tnd3K3n5Ly1QR2iSSS9UJsKacCdo0zHDaSRTFccBpOxhd5377gSrNpLgz44T6MR4IFjGCjZXue4HkoR7H9sqeJv1K1a25U6BF4hWkCgUa/cpXL5QkjakwhGOtu56bGD/DyjDC6aTcSzVNMBnhAe1aKnBMtZ9NU0/QsVVCFElljzBoqv7eyHCs82h2MsZmqOe9XPzP66YmuvIzJpLUUEFmD0UpR0aivAIUMkWJ4WNLMFHMZkVkiBUmxhZVtiV4819eJK3TmndRO789q9bdoo4SHMIRnIAHl1CHG2hAEwgoeIZXeHMenRfn3fmYjS45xc4B/IHz+QNRIpMB</latexit>x

Original
memory

Residual
memory

Input query:
Get activations

(a) Overview of MEMOIR (b) Knowledge distribution for residual memory during editing

Edited output

Conditional knowledge 
activation



Edi@ng: minimal overwrite
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DistribuHng knowledge across memory

TopHash

Edit knowledge

TopHash

Edit knowledge

Timestep
<latexit sha1_base64="YhNExUIfsSJoYKCoghTHEqmOnzU=">AAAB+3icbVC7TsMwFL0pr1JeoYwsFhUSU5UgXmMlFsYi0VKpjSLHcVurjhPZDmoV5VdYGECIlR9h429w2gzQciTLR+fcKx+fIOFMacf5tipr6xubW9Xt2s7u3v6BfVjvqjiVhHZIzGPZC7CinAna0Uxz2kskxVHA6WMwuS38xycqFYvFg54l1IvwSLAhI1gbybfrgyDmoZpF5sqmuZ+5uW83nKYzB1olbkkaUKLt21+DMCZpRIUmHCvVd51EexmWmhFO89ogVTTBZIJHtG+owBFVXjbPnqNTo4RoGEtzhEZz9fdGhiNVxDOTEdZjtewV4n9eP9XDGy9jIkk1FWTx0DDlSMeoKAKFTFKi+cwQTCQzWREZY4mJNnXVTAnu8pdXSfe86V41L+8vGi2nrKMKx3ACZ+DCNbTgDtrQAQJTeIZXeLNy68V6tz4WoxWr3DmCP7A+fwDJ1ZTi</latexit>x1

Get activations Get activations

<latexit sha1_base64="Pxmg9ATfz3UKEYW/hpjEDFyas9I=">AAAB+3icbVA7T8MwGHTKq5RXKCOLRYXEVCUVr7ESC2OR6ENqo8hxnNaqY0e2g1pF+SssDCDEyh9h49/gtBmg5STLp7vvk88XJIwq7TjfVmVjc2t7p7pb29s/ODyyj+s9JVKJSRcLJuQgQIowyklXU83IIJEExQEj/WB6V/j9JyIVFfxRzxPixWjMaUQx0kby7fooECxU89hc2Sz3s1bu2w2n6SwA14lbkgYo0fHtr1EocBoTrjFDSg1dJ9FehqSmmJG8NkoVSRCeojEZGspRTJSXLbLn8NwoIYyENIdruFB/b2QoVkU8MxkjPVGrXiH+5w1THd16GeVJqgnHy4eilEEtYFEEDKkkWLO5IQhLarJCPEESYW3qqpkS3NUvr5Neq+leN68eLhttp6yjCk7BGbgALrgBbXAPOqALMJiBZ/AK3qzcerHerY/laMUqd07AH1ifP8talOM=</latexit>x2

<latexit sha1_base64="adV5rEF4rAUzZaNKjl9V7C9+8y0=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ8OIxonlAsoTZyWwyZHZ2mekVwpJP8OJBEa9+kTf/xkmyB00saCiquunuChIpDLrut1NYWV1b3yhulra2d3b3yvsHTROnmvEGi2Ws2wE1XArFGyhQ8naiOY0CyVvB6Hbqt564NiJWjzhOuB/RgRKhYBSt9IA3Xq9ccavuDGSZeDmpQI56r/zV7ccsjbhCJqkxHc9N0M+oRsEkn5S6qeEJZSM64B1LFY248bPZqRNyYpU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5N+kJzhnJsCWVa2FsJG1JNGdp0SjYEb/HlZdI8q3qX1Yv780rNzeMowhEcwyl4cAU1uIM6NIDBAJ7hFd4c6bw4787HvLXg5DOH8AfO5w/PtY1y</latexit>

t = 1
<latexit sha1_base64="BbKVvgioCizyykV0TuMFq2T2GUo=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6yIEvHiMaB6QLGF2MpsMmZ1dZnqFsOQTvHhQxKtf5M2/cZLsQRMLGoqqbrq7gkQKg6777aysrq1vbBa2its7u3v7pYPDpolTzXiDxTLW7YAaLoXiDRQoeTvRnEaB5K1gdDv1W09cGxGrRxwn3I/oQIlQMIpWesCbaq9UdivuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZqRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5N+kJzhnJsCWVa2FsJG1JNGdp0ijYEb/HlZdKsVrzLysX9ebnm5nEU4BhO4Aw8uIIa3EEdGsBgAM/wCm+OdF6cd+dj3rri5DNH8AfO5w/ROY1z</latexit>

t = 2 <latexit sha1_base64="wjZPxDMQAAMqDMn6wOUZ8MrRuIc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0jEr2PBi8eK1hbaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLK6tr6RnmzsrW9s7tX3T941EmmGDZZIhLVDqlGwSU2DTcC26lCGocCW+HoZuq3nlBpnsgHM04xiOlA8ogzaqx077pur1rzXG8Gskz8gtSgQKNX/er2E5bFKA0TVOuO76UmyKkynAmcVLqZxpSyER1gx1JJY9RBPjt1Qk6s0idRomxJQ2bq74mcxlqP49B2xtQM9aI3Ff/zOpmJroOcyzQzKNl8UZQJYhIy/Zv0uUJmxNgSyhS3txI2pIoyY9Op2BD8xZeXyeOZ61+6F3fntbpXxFGGIziGU/DhCupwCw1oAoMBPMMrvDnCeXHenY95a8kpZg7hD5zPH0m6jRo=</latexit>...

Residual memory Residual memory Residual memory

<latexit sha1_base64="Dym7DfStHtyfn6V1ZhDoz0V+jDI=">AAAB9XicbVC7TsMwFL3hWcqrwMhiUSExVQniNVZiYSwSfUhtqBzHaa06dmQ7QBX1P1gYQIiVf2Hjb3DaDNByJMtH59wrH58g4Uwb1/12lpZXVtfWSxvlza3tnd3K3n5Ly1QR2iSSS9UJsKacCdo0zHDaSRTFccBpOxhd5377gSrNpLgz44T6MR4IFjGCjZXue4HkoR7H9sqeJv1K1a25U6BF4hWkCgUa/cpXL5QkjakwhGOtu56bGD/DyjDC6aTcSzVNMBnhAe1aKnBMtZ9NU0/QsVVCFElljzBoqv7eyHCs82h2MsZmqOe9XPzP66YmuvIzJpLUUEFmD0UpR0aivAIUMkWJ4WNLMFHMZkVkiBUmxhZVtiV4819eJK3TmndRO789q9bdoo4SHMIRnIAHl1CHG2hAEwgoeIZXeHMenRfn3fmYjS45xc4B/IHz+QNRIpMB</latexit>x

Original
memory

Residual
memory

Input query:
Get activations

(a) Overview of MEMOIR (b) Knowledge distribution for residual memory during editing

Edited output

Conditional knowledge 
activation

Mo-va-on 

Leverage sparsity to miHgate catastrophic forgeQng 

Given 

AcHvaHon  

Binary mask  

The edited FFN layer follows 

a(x) ∈ ℝD

ℳ : ℝD ↦ {0,1}D

FFNedited(a(x)) = W0 a(x) + Wm (ℳ(a(x)) ⊙ a(x))



TopHash
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Objec-ve: the mask should capture prompt-specific paNerns

TopHash ensures 

✓ Seman-c coherence 

Top-K indices are selected by acHvaHon magnitude, 
preserving semanHc meaning in the latent space 

✓ Diversity in feature selec-on 

Achieved through permutaHon operaHon

Retrieve the top N indices

Shuffle with fixed permutation

Mask the activation

Informal defini-on: denoHng  as the -th largest value in , the Top-K mask is , and the 
TopHash mask is 

a(k) k a 𝒯(a)j = 1[aj ≥ a(k)]
ℳ(a) = π(𝒯(a))



MEMOIR
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Lifelong Model EdiHng with

Minimal Overwrite

Informed Reten-on

Hypothesis: forgeQng arises from parameter overwri-ng between edits

Rel.

Gen.Loc.
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Inference: informed reten@on
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AcHvate knowledge condiHonal to inference prompt

TopHash

Edit knowledge

TopHash

Edit knowledge

Timestep
<latexit sha1_base64="YhNExUIfsSJoYKCoghTHEqmOnzU=">AAAB+3icbVC7TsMwFL0pr1JeoYwsFhUSU5UgXmMlFsYi0VKpjSLHcVurjhPZDmoV5VdYGECIlR9h429w2gzQciTLR+fcKx+fIOFMacf5tipr6xubW9Xt2s7u3v6BfVjvqjiVhHZIzGPZC7CinAna0Uxz2kskxVHA6WMwuS38xycqFYvFg54l1IvwSLAhI1gbybfrgyDmoZpF5sqmuZ+5uW83nKYzB1olbkkaUKLt21+DMCZpRIUmHCvVd51EexmWmhFO89ogVTTBZIJHtG+owBFVXjbPnqNTo4RoGEtzhEZz9fdGhiNVxDOTEdZjtewV4n9eP9XDGy9jIkk1FWTx0DDlSMeoKAKFTFKi+cwQTCQzWREZY4mJNnXVTAnu8pdXSfe86V41L+8vGi2nrKMKx3ACZ+DCNbTgDtrQAQJTeIZXeLNy68V6tz4WoxWr3DmCP7A+fwDJ1ZTi</latexit>x1

Get activations Get activations

<latexit sha1_base64="Pxmg9ATfz3UKEYW/hpjEDFyas9I=">AAAB+3icbVA7T8MwGHTKq5RXKCOLRYXEVCUVr7ESC2OR6ENqo8hxnNaqY0e2g1pF+SssDCDEyh9h49/gtBmg5STLp7vvk88XJIwq7TjfVmVjc2t7p7pb29s/ODyyj+s9JVKJSRcLJuQgQIowyklXU83IIJEExQEj/WB6V/j9JyIVFfxRzxPixWjMaUQx0kby7fooECxU89hc2Sz3s1bu2w2n6SwA14lbkgYo0fHtr1EocBoTrjFDSg1dJ9FehqSmmJG8NkoVSRCeojEZGspRTJSXLbLn8NwoIYyENIdruFB/b2QoVkU8MxkjPVGrXiH+5w1THd16GeVJqgnHy4eilEEtYFEEDKkkWLO5IQhLarJCPEESYW3qqpkS3NUvr5Neq+leN68eLhttp6yjCk7BGbgALrgBbXAPOqALMJiBZ/AK3qzcerHerY/laMUqd07AH1ifP8talOM=</latexit>x2

<latexit sha1_base64="adV5rEF4rAUzZaNKjl9V7C9+8y0=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ8OIxonlAsoTZyWwyZHZ2mekVwpJP8OJBEa9+kTf/xkmyB00saCiquunuChIpDLrut1NYWV1b3yhulra2d3b3yvsHTROnmvEGi2Ws2wE1XArFGyhQ8naiOY0CyVvB6Hbqt564NiJWjzhOuB/RgRKhYBSt9IA3Xq9ccavuDGSZeDmpQI56r/zV7ccsjbhCJqkxHc9N0M+oRsEkn5S6qeEJZSM64B1LFY248bPZqRNyYpU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5N+kJzhnJsCWVa2FsJG1JNGdp0SjYEb/HlZdI8q3qX1Yv780rNzeMowhEcwyl4cAU1uIM6NIDBAJ7hFd4c6bw4787HvLXg5DOH8AfO5w/PtY1y</latexit>

t = 1
<latexit sha1_base64="BbKVvgioCizyykV0TuMFq2T2GUo=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6yIEvHiMaB6QLGF2MpsMmZ1dZnqFsOQTvHhQxKtf5M2/cZLsQRMLGoqqbrq7gkQKg6777aysrq1vbBa2its7u3v7pYPDpolTzXiDxTLW7YAaLoXiDRQoeTvRnEaB5K1gdDv1W09cGxGrRxwn3I/oQIlQMIpWesCbaq9UdivuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZqRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5N+kJzhnJsCWVa2FsJG1JNGdp0ijYEb/HlZdKsVrzLysX9ebnm5nEU4BhO4Aw8uIIa3EEdGsBgAM/wCm+OdF6cd+dj3rri5DNH8AfO5w/ROY1z</latexit>

t = 2 <latexit sha1_base64="wjZPxDMQAAMqDMn6wOUZ8MrRuIc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0jEr2PBi8eK1hbaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLK6tr6RnmzsrW9s7tX3T941EmmGDZZIhLVDqlGwSU2DTcC26lCGocCW+HoZuq3nlBpnsgHM04xiOlA8ogzaqx077pur1rzXG8Gskz8gtSgQKNX/er2E5bFKA0TVOuO76UmyKkynAmcVLqZxpSyER1gx1JJY9RBPjt1Qk6s0idRomxJQ2bq74mcxlqP49B2xtQM9aI3Ff/zOpmJroOcyzQzKNl8UZQJYhIy/Zv0uUJmxNgSyhS3txI2pIoyY9Op2BD8xZeXyeOZ61+6F3fntbpXxFGGIziGU/DhCupwCw1oAoMBPMMrvDnCeXHenY95a8kpZg7hD5zPH0m6jRo=</latexit>...

Residual memory Residual memory Residual memory

<latexit sha1_base64="Dym7DfStHtyfn6V1ZhDoz0V+jDI=">AAAB9XicbVC7TsMwFL3hWcqrwMhiUSExVQniNVZiYSwSfUhtqBzHaa06dmQ7QBX1P1gYQIiVf2Hjb3DaDNByJMtH59wrH58g4Uwb1/12lpZXVtfWSxvlza3tnd3K3n5Ly1QR2iSSS9UJsKacCdo0zHDaSRTFccBpOxhd5377gSrNpLgz44T6MR4IFjGCjZXue4HkoR7H9sqeJv1K1a25U6BF4hWkCgUa/cpXL5QkjakwhGOtu56bGD/DyjDC6aTcSzVNMBnhAe1aKnBMtZ9NU0/QsVVCFElljzBoqv7eyHCs82h2MsZmqOe9XPzP66YmuvIzJpLUUEFmD0UpR0aivAIUMkWJ4WNLMFHMZkVkiBUmxhZVtiV4819eJK3TmndRO789q9bdoo4SHMIRnIAHl1CHG2hAEwgoeIZXeHMenRfn3fmYjS45xc4B/IHz+QNRIpMB</latexit>x
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(a) Overview of MEMOIR (b) Knowledge distribution for residual memory during editing

Edited output

Conditional knowledge 
activation

FFNedited(a(x)) = {W0 a(x) + Wm(ℳ(a(xmatch)) ⊙ a(x)), if Rmatch(x) ∈ [τ,1.0],
W0 a(x), if Rmatch(x) ∈ [0,τ) .

Condi-onal knowledge ac-va-on via seman-c similarity

Seman-c similarity via the Hamming distance 

1. Find the best-matching mask from previous edits 

 

2. Compute the overlap raHo with the best-matching mask 

 

xmatch = arg min
x′ ∈𝒟edit

dH(ℳ(a(x)), ℳ(a(x′ )))

Rmatch(x) = 1
N

ℳ(a(x)) ∧ ℳ(a(xmatch)) 1
∈ [0,1]
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✓Metrics 

Reliability 

GeneralisaHon 

Locality 

Average score

✓Datasets 

Edit short factual answers: Q&A task (ZsRE dataset) 

Edit long sentences: HallucinaHon correcHon task (SelfCheckGPT dataset) 

✓Models 

LLaMA-3-8B 

LLaMA-2-7B 

Mistral-7B 

GPT-J-6B
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Table 1: Q&A task results on the ZsRE dataset. T denotes the number of edits. Higher is better for
all metrics. The best average performance of reliability, generalization and locality is marked in bold.

Method T = 1 T = 10 T = 100 T = 1,000

Rel. Gen. Loc. Avg. Rel. Gen. Loc. Avg. Rel. Gen. Loc. Avg. Rel. Gen. Loc. Avg.

LLaMA-3-8B

FT 0.49 0.49 0.65 0.54 0.18 0.15 0.12 0.15 0.13 0.11 0.02 0.09 0.13 0.12 0.01 0.09
ROME [11] 0.99 0.96 0.96 0.97 0.61 0.59 0.41 0.54 0.08 0.08 0.02 0.06 0.03 0.03 0.02 0.03
MEMIT [14] 0.99 0.97 0.98 0.98 0.68 0.67 0.73 0.69 0.03 0.03 0.01 0.02 0.00 0.00 0.00 0.00
DEFER [8] 0.82 0.86 0.68 0.79 0.66 0.67 0.45 0.59 0.33 0.32 1.00 0.55 0.31 0.31 1.00 0.54
GRACE [8] 1.00 0.46 1.00 0.82 1.00 0.42 1.00 0.81 1.00 0.39 1.00 0.80 1.00 0.37 1.00 0.79
WISE [9] 0.92 0.84 1.00 0.92 0.78 0.74 0.98 0.83 0.62 0.60 1.00 0.74 0.66 0.64 1.00 0.77
AlphaEdit [15] 0.98 0.89 1.00 0.96 0.93 0.85 0.98 0.92 0.91 0.79 0.94 0.88 0.84 0.77 0.56 0.72

MEMOIR (Ours) 1.00 1.00 1.00 1.00 0.97 0.89 1.00 0.95 0.96 0.89 1.00 0.95 0.94 0.85 1.00 0.93
Mistral-7B

FT 0.58 0.54 0.91 0.68 0.39 0.39 0.50 0.43 0.11 0.10 0.02 0.08 0.16 0.13 0.01 0.10
ROME [11] 0.79 0.77 0.98 0.85 0.58 0.57 0.75 0.63 0.05 0.05 0.02 0.04 0.04 0.04 0.02 0.03
MEMIT [14] 0.81 0.79 0.99 0.86 0.46 0.45 0.61 0.51 0.00 0.00 0.01 0.00 0.04 0.04 0.02 0.03
DEFER [8] 0.59 0.68 0.79 0.69 0.44 0.43 1.00 0.62 0.40 0.40 1.00 0.60 0.40 0.39 1.00 0.60
GRACE [8] 1.00 0.36 1.00 0.79 1.00 0.15 1.00 0.72 1.00 0.15 1.00 0.72 1.00 0.02 1.00 0.67
WISE [9] 0.98 0.97 1.00 0.98 0.92 0.89 1.00 0.94 0.87 0.80 1.00 0.89 0.70 0.67 1.00 0.79
AlphaEdit [15] 0.83 0.77 1.00 0.87 0.87 0.75 0.99 0.87 0.86 0.74 0.95 0.85 0.85 0.72 0.68 0.75

MEMOIR (Ours) 1.00 0.99 1.00 1.00 0.97 0.94 1.00 0.97 0.95 0.91 1.00 0.95 0.94 0.89 1.00 0.94

Table 2: Hallucination correction task results on the SelfCheckGPT dataset. T denotes the number of
edits. The reliability metric refers to perplexity, where smaller value indicates better performance.
Due to large value ranges, we use scientific notation (e.g., 8.05e1 denotes 80.5) for clarity.

Method LLaMA-3-8B Mistral-7B

T = 1 T = 10 T = 100 T = 600 T = 1 T = 10 T = 100 T = 600

Rel.(→) Loc.(↑) Rel. Loc. Rel. Loc. Rel. Loc. Rel. Loc. Rel. Loc. Rel. Loc. Rel. Loc.

FT 8.24 0.85 8.05e1 0.37 5.72e2 0.13 2.36e5 0.05 2.50e1 0.38 1.00e2 0.03 1.59e3 0.00 – –
ROME [11] 1.52 0.97 2.02e1 0.61 1.26e5 0.02 4.07e4 0.02 2.04 0.99 3.45 0.92 1.04e2 0.03 2.41e2 0.01
MEMIT [14] 1.30 0.99 4.05e2 0.93 4.56e10 0.01 2.95e6 0.00 1.64 1.00 1.59e1 0.89 9.72e1 0.04 1.32e2 0.02
DEFER [8] 5.69e2 0.83 2.36e2 0.82 7.02e1 1.00 6.85e1 1.00 1.46e1 0.94 3.22e1 0.99 3.22e1 0.99 3.22e1 1.00
GRACE [8] 1.05 1.00 7.10e1 1.00 7.12e1 1.00 7.73e1 1.00 1.39 1.00 5.97 1.00 9.53 1.00 9.57 1.00
WISE [9] 4.93e1 0.98 1.46 0.95 2.10 0.99 3.20 0.99 1.40 1.00 2.56 0.94 1.31 0.99 5.21 0.93
AlphaEdit [15] 1.58 1.00 3.12 0.98 5.97 0.93 8.49e3 0.05 1.75 1.00 1.76 1.00 2.87 0.98 1.70e2 0.88

MEMOIR (Ours) 1.00 1.00 1.01 1.00 1.07 1.00 1.25 1.00 1.00 1.00 1.02 1.00 1.09 1.00 1.22 1.00

inference-time routing; methods based on causal tracing, including ROME [11], MEMIT [14], and
ALPHAEDIT [15]; and memory-based approaches such as WISE [9]. Finally, we include direct
fine-tuning (FT) as an additional baseline. Detailed descriptions and implementation details for all
methods are provided in Appendix A.

Models We perform our experiments on four different widely used autoregressive LLMs:
LLaMA-3-8B-Instruct [16], Mistral-7B[18], LLaMA-2-7B[19] (results provided in Ap-
pendix B.1) and GPT-J-6B [20]. For brevity, we refer to them as LLaMA-3, Mistral, LLaMA-2, and
GPT-J throughout this section.

Evaluation metrics We follow prior work and evaluate the effectiveness of different editing
methods based on three metrics [9]: reliability, generalization and localization, which are respectively
computed by model’s performance on edit, rephrased edit and irrelevant samples.

4.2 Main Experimental Results

Question & Answering Table 1 presents the results on the ZsRE [17] dataset for the question
answering task, evaluated across a range of total edits from 1 to 1000. ZsRE is a context-free Q&A
benchmark designed to assess a model’s ability to store and retrieve specific factual knowledge.
We observe that MEMOIR consistently achieves the most balanced performance across all evaluation
settings. On LLaMA-3, MEMOIR maintains a reliability of 0.94 and a generalization of 0.85, with
its locality reaching 1.0 across different edit counts. In contrast, other parametric methods exhibit
substantial degradation as the number of edits increases. For example, WISE drops from an average
metric of 0.92 to 0.77 as the number of edits grows from 1 to 1,000. A similar trend is observed
with AlphaEdit, which declines from 0.96 to 0.72. Although GRACE, a non-parametric baseline,
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MEMOIR: Lifelong Model EdiHng with

Minimal Overwrite

Informed RetenHon

TopHash

Edit knowledge

TopHash

Edit knowledge

Timestep
<latexit sha1_base64="YhNExUIfsSJoYKCoghTHEqmOnzU=">AAAB+3icbVC7TsMwFL0pr1JeoYwsFhUSU5UgXmMlFsYi0VKpjSLHcVurjhPZDmoV5VdYGECIlR9h429w2gzQciTLR+fcKx+fIOFMacf5tipr6xubW9Xt2s7u3v6BfVjvqjiVhHZIzGPZC7CinAna0Uxz2kskxVHA6WMwuS38xycqFYvFg54l1IvwSLAhI1gbybfrgyDmoZpF5sqmuZ+5uW83nKYzB1olbkkaUKLt21+DMCZpRIUmHCvVd51EexmWmhFO89ogVTTBZIJHtG+owBFVXjbPnqNTo4RoGEtzhEZz9fdGhiNVxDOTEdZjtewV4n9eP9XDGy9jIkk1FWTx0DDlSMeoKAKFTFKi+cwQTCQzWREZY4mJNnXVTAnu8pdXSfe86V41L+8vGi2nrKMKx3ACZ+DCNbTgDtrQAQJTeIZXeLNy68V6tz4WoxWr3DmCP7A+fwDJ1ZTi</latexit>x1
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t = 1
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t = 2 <latexit sha1_base64="wjZPxDMQAAMqDMn6wOUZ8MrRuIc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0jEr2PBi8eK1hbaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLK6tr6RnmzsrW9s7tX3T941EmmGDZZIhLVDqlGwSU2DTcC26lCGocCW+HoZuq3nlBpnsgHM04xiOlA8ogzaqx077pur1rzXG8Gskz8gtSgQKNX/er2E5bFKA0TVOuO76UmyKkynAmcVLqZxpSyER1gx1JJY9RBPjt1Qk6s0idRomxJQ2bq74mcxlqP49B2xtQM9aI3Ff/zOpmJroOcyzQzKNl8UZQJYhIy/Zv0uUJmxNgSyhS3txI2pIoyY9Op2BD8xZeXyeOZ61+6F3fntbpXxFGGIziGU/DhCupwCw1oAoMBPMMrvDnCeXHenY95a8kpZg7hD5zPH0m6jRo=</latexit>...
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