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Lifelong model editing

Objective: update an LLM to incorporate new knowledge while preserving prior knowledge
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Lifelong model editing

Objective: update an LLM to incorporate new knowledge while preserving prior knowledge

Non-parametric
Parametric

Rel. Parametric method reaches a better performance tradeoff
out suffer from forgetting when the sequence is long

Hypothesis: forgetting arises from parameter overwriting
between edits
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Editing layer with residual memory

LLMs store factual knowledge mainly in the FEN

projection layer mej, where

FEN(h) = W,,,,,6(W,.h)

roj

We edit the zero-initialised copy of a single middle
block’'s W___.to update specific facts, denoted as

proj
residual memory W

Residual memory enables:

v’ Preserving the rest of the pertained parameters

v’ Parameter- and training-efficient
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Editing: minimal overwrite

Distributing knowledge across memory

Motivation
Input query: Leverage sparsity to mitigate catastrophic forgetting
3 Get activations
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memory memory
l Edited output
(a) Overview of MEMOIR The edited FEN layer follows

FEN, jirea(@(x)) = Wya(x) + W,, (M (a(x)) © a(x))



TopHash

Objective: the mask should capture prompt-specific patterns

EEE TopHash ensures
l, Retrieve the top N indices v Semantic coherence
| ‘l‘ ‘Sh e . Top-K indices are selected by activation magnitude,
ultle with fixed permutation preserving semantic meaning in the latent space

l Mask the activation v Diversity in feature selection

Achieved through permutation operation

Informal definition: denoting ay, as the k-th largest value in a, the Top-K maskis 7 (a); = 1[a; 2 a], and the
TopHash mask is A (a) = n(J (a))
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Hypothesis: forgetting arises from parameter overwriting between edits

0.0 -

T=1000

1.0 -
0.8 7
0.6 -

0.4 -

) Gen. 0.2 -

Average Performance

= = - - S E

*—0¢—90—¢

¥ ¥

10 500 1000 1500 2000 2500 3000
T

v v v

¥— MEMIT —— GRACE —&— WISE —a&— AlphaEdit #— MEMOIR

Minimal Overwrite

/

Lifelong Model Editing with

N\

Informed Retention



Inference: informed retention

Activate knowledge conditional to inference prompt

Conditional knowledge activation via semantic similarity

Input query: T

Wya(x) + Wm(ﬂ (a(x, ;.n) © a(x)), if R, .., (x) € [7,1.0],

3 Get activations

(I FFNedited(a(x))z{

l ) W, a(x), if R, .., (x) €[0,7).
Conditiongl kpowledge
|||I|||+||||I||
v l Semantic similarity via the Hamming distance
1. Find the best-matching mask from previous edits
Original Residual
memory memory . /
X = arg min dylZ(a(x)), H(a(x"))
|_)@(_’ match gx’egedit H( )
l Edited output
(a) Overview of MEMOIR 2. Compute the overlap ratio with the best-matching mask

Ryyren(X) :% H M (a(x)) N A(a(X,,,501)) H , < [0,1]
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Inference: informed retention

Activate knowledge conditional to inference prompt

QA dataset (ZsRE)

Edit prompts
Rephrased edit prompts
Irrelevant prompts

Prompts
Edit prompts — reliability
Rephrased edit prompts — generalisation

Irrelevant prompts — locality

Observation

v Clear feature separation among three prompt types



Fvaluating MEMOIR

v Metrics v Datasets
Reliability Edit short factual answers: Q&A task (ZsRE dataset)
Generalisation Edit long sentences: Hallucination correction task (SelfCheckGPT dataset)
Local 'ty ZsRE dataset
Prompt x. What network aired Faszination Wissen’!
Average score
Rephrased prompt Which station aired Faszination Wissen?
Edit target y. SVTI1
‘/ Models Irrelevant prompt i, When does english dragon ball super come out
Irrelevant target iy, starting on January 7, 2017
LLaMA-3-8B
LLaMA-2-/B
Mistral-/B

GPT-J-6B
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Evaluation on Q&A task

T = | T =10 | T = 100 | T = 1,000

Method

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

LLaMA-3-8B
FT 049 049 065 054 |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] 099 096 096 097 | 061 059 041 054 | 0.08 0.08 0.02 006 | 003 0.03 002 0.03
MEMIT [14] 099 097 098 098 | 0.68 0.67 0.73 0.69 | 0.03 0.03 0.01 0.02 | 000 0.00 0.00 0.00
DEFER [8] 082 086 068 0.79 | 066 0.67 045 059 | 033 032 1.00 055|031 031 1.00 0.54
GRACE [8] 1.00 046 1.00 082 | 100 042 100 081 |1.00 039 1.00 0.80 | 1.00 0.37 1.00 0.79
WISE [9] 092 084 1.00 092 | 078 074 098 083 | 0.62 060 1.00 0.74 | 0,66 0.64 1.00 0.77
AlphaEdit [15] 098 089 1.00 096 | 093 085 098 092 | 091 079 094 088 | 0.84 0.77 056 0.72
MEMOIR (Ours) | 1.00 1.00 1.00 1.00 | 097 089 1.00 095 | 096 089 1.00 095 | 094 085 1.00 0.93
Mistral-7B

FT 058 054 091 068 | 039 039 050 043 | 0.11 0.10 0.02 0.08 | 0.16 0.13 0.01 0.10
ROME [11] 0.79 0.77 098 0.85 | 058 057 075 063 | 0.05 005 0.02 004 | 004 0.04 002 0.03
MEMIT [14] 0.81 079 099 086 | 046 045 0.61 051 | 0.00 0.00 0.01 0.00 | 004 0.04 002 0.03
DEFER [8] 059 068 0.79 0.69 | 044 043 100 062 | 040 040 1.00 060 | 040 039 1.00 0.60
GRACE [8] 1.00 036 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] 098 097 1.00 098 [ 092 0.8 100 094 | 0.87 080 1.00 0.89 | 070 0.67 1.00 0.79
AlphaEdit [15] 083 077 1.00 0.87 087 075 099 087 |08 074 095 085 |08 0.72 068 0.75
MEMOIR (Ours) | 1.00 099 1.00 1.00 | 097 094 100 097 | 095 091 1.00 095 | 094 089 1.00 0.94

v SOTA performance

AcCross sequence length

Across backbone models
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(b) Knowledge distribution for residual memory during editing



