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Streaming inputs during deployment
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LLM has a series of issues such as knowledge cutoff
and hallucination. Continuous editing is crucial.
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Working Memory Editing
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The impossible triangle among Reliability, Generalization, and Locality

Continual Editing T=100 —k— WISE (Our Method)
Reliability =0- FT-EWC (a)
== DEFER
=A= GRACE
ROME

(b)

(c)

Generalization

Reliability

LLMs can remember current and previous edits after sequential editing.

Generalization

Editing can also understand and generalize to different queries (unseen).

Locality

It does not affect pre-trained knowledge unrelated to the edits



Methodology
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WISE Overview: knowledge editing inspired by cognitive science

Editing layer

Layers before editing
e.g., 26-th Layer for LLaMA-2-7B

e.g., 0-25 Layers for LLaMA-2-7B
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(a) Workflow Overview with Knowledge Routing
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Layers after editing |
e.g., 27-31 Layers for LLaMA-2-7B !
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@ Initialize Wy" with Wy,

@ Generate k random masks with
mask ratio p for edit streams {x,}
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(b) Knowledge Sharding and Merging
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FEN(f) =a-W, =o(f' - Wy) - W,,
1. Utilize the target layer MLP
as a memory component.

Long-term memory
(pre-trained knowledge)
2. Blue: Working memory

(editable knowledge)

2. Knowledge memory fusion
Moderate knowledge density
leads to better editing effects

3. Knowledge memory retrieval
Retrieve working memory

through neural activation.

WISE: Rethinking the Knowledge Memory for Lifelong Model Editing of Large Language Models (2024)
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I ~ N\ random mask gradients.
—=1=1 Y
(T T / \ ‘
:(> [ || ] / / / @ Generate k random masks with
- : \_ ( mask ratio p for edit streams {x}
( / ~> Xt-2 Xt-1 Xt | Xt+1  Xt+2 Xt+3 >
. Vv iy 4y v (time)

u snls sullis =m

EEE

=P : Model 1 : Model 3
=3 : Model2 == :Merged Model

Aligned Values EEEN [ I L L []
( ) I )
@ Merge subspaces into one

side memory via Ties-Merge

@ Edit in side memory subspaces

\

Merge Working Memory

W, < W, + Ties(T.; W,).



V//a
AWISE:
— Attn >
Main
Memory
If Aact(x) < € AR
\
Wy
FFN
—> —>
W ®Activation
k Routing
FFN
If Agci(x) > € HEN
Select the 7 W
max one WV |
Editing Side
Layer Memories

Methodology

L,

Gate mechanism, working/long-term Memory?

Dact(x) = [|AX) - (Wyr — W, )|l2,

In editing scope

%m{max(o Aact(xz) — Oé) -+ maX( ,,B—Aact(xe)) + maX(O, Y — (AaCt(Xe) -

OUt Of edltlng Scope S.t. Xe € Dedita X; € Dirr-

For input x:

- Aset of inputs within the edit scope tends to activate the
working memory (with higher activation on W ,,).

- A set of unrelated inputs tends to rely on long-term

memory (with lower activation on W,,, ).
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QA

Method T=1 | T =10 | T =100 | T = 1000

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

LLaMA-2-7B .
FT-L 0.57 052 096 | 0.68 | 048 048 0.76 | 0.57 | 0.30 0.27 0.23 | 0.27 | 0.19 0.16 0.03 1} 0.13
FT-EWC 096 095 0.02 | 064 | 082 076 001 | 053 | 0.83 0.74 0.08 | 0.55 | 0.76 0.69 0.08 | 0.51
MEND 095 093 098 | 095 | 026 0.28 0.28 | 0.27 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00% 0.00
ROME 085 080 099 | 0.88 | 0.64 062 0.75 | 0.67 | 0.23 022 0.04 | 0.16 | 0.01 0.01 0.00 | 0.01
MEMIT 084 081 099 | 0.88 | 0.58 058 085 | 0.67 | 0.02 0.02 0.02 | 002 | 0.04 0.04 0.027 0.03
MEMIT-MASS 084 0.81 099 | 088 | 0.75 0.72 097 | 0.81 | 0.76 0.68 0.85 | 0.76 | 0.69 0.65 0.62 | 0.65
DEFER 0.68 058 056 | 061 | 0.65 047 036 | 049 | 020 0.12 0.27 | 0.20 | 0.03 0.03 0.74 | 0.27
GRACE 098 0.08 1.00 | 0.69 | 0.96 0.00 1.00 | 0.65 | 0.96 0.00 1.00 | 0.65 | 0.97 0.08 1.00 | 0.68
WISE 098 092 1.00 | 097 | 094 088 1.00 | 0.94 | 090 0.81 1.00 | 0.90 | 0.77 0.72 1.00 | 0.83
Mistral-7B
FT-L 0.58 054 091 068 | 0.39 039 050| 043 | 0.11 0.10 0.02 | 0.08 | 0.16 0.13 0.01 1% 0.10
FT-EWC 1.00 099 0.01 | 067 | 0.84 0.78 0.02 | 055 | 0.82 0.72 0.09 | 054 | 0.76 0.69 0.09 | 0.51
MEND 094 093 098 | 095 | 0.01 0.01 0.02 | 001 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00
ROME 079 077 098 | 0.85 | 0.58 057 0.75 | 0.63 | 0.05 0.05 0.02 | 0.04 | 0.04 0.04 0.02| 0.03
MEMIT 081 079 099 | 0.86 | 046 045 061 | 051 | 0.00 0.00 0.01 | 0.00 | 0.04 0.04 0.02] 0.03
MEMIT-MASS 0.81 0.79 099 | 0.86 | 0.74 0.71 097 | 0.81 | 0.73 0.71 0.88 | 0.77 | 0.73 0.70 0.62 | 0.68
DEFER 064 054 079 | 066 | 0.53 043 029 | 042 | 028 0.17 0.26 | 0.24 | 0.02 0.02 0.67 { 0.24
GRACE 1.00 0.00 1.00 | 0.67 | 1.00 0.00 1.00 | 0.67 | 1.00 0.00 1.00 | 0.67 | 1.00 0.02 1.00 |} 0.67
WISE 098 097 1.00 | 098 | 092 089 1.00 | 0.94 | 0.87 0.80 1.00 | 0.89 | 0.70 0.67 1.00 | 0.79
—_

WISE maintains 70%+ editing success rate and 100% locality preservation after 1,000 edits.
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: Mid-to-Late Layers is effective.

Finding 2: Gate mechanism routes the
editing prompt and unseen paraphrases
into the side memory
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Figure 3: Activations of the memory
routing module of WISE when vary-D
ing T'. X-axis: Num edits. LLaMA-7B.
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dAt what cost?

Inference Latency (Left)
Computational Cost (Right)
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WISE-Retrieve will gradually increase computational and inference costs.

WISE: Rethinking the Knowledge Memory for Lifelong Model Editing of Large Language Models (2024)
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QRetrieval Accuracy matters

Edit Success (ES.) % Routing Success (prec@1) %
80’1 1001 *
60 1 ) —s 801
60 1
T = 2000 T = 3000 401
Method Rel. Gen. Loc.|Avg.|Rel. Gen. Loc.|Avg. ISH Rern 401
[ etrieve

GRACE 0.96 0.03 1.00|0.66|0.96 0.03 1.00|0.66  *° WISE Retrieveoraci 20 WISE Retrieve
MEMIT"MASS 0.64 058 055 059 058 053 0.47 053 | WISE Retrieve w. Lmemo WISE Retrieve w. L memo
WISE-Merge 0.66 0.63 1.00]0.760.58 0.56 1.00/0.71 1000 2000 3000 ? 1000 2000 3000
WISE-Retrieve 0.68 0.64 1.00 0.77 |0.61 0.58 1.00 | 0.73 . e g
WISE-Retrieve,,. 0.77 0.72 1.00|0.83 (075 0.70 1.00|0.82 (a) Average of Rel. and Gen. (b) Retrieval Acc. by Top-1 Activation

Improve memory specificity through replay:

Limemo: Ensures that the current shard has lower

WISE-Retrieve_{oracle}: Based on the retrieval activation for past edit prompts.

upper bound, we observe significant room for

improvement. As shown in Figure (b), the L, = Lo + max(0, Aget(Xm) — @), s.t. Xm € Dw,.
bottleneck of WISE-Retrieve is retrieval accuracy. ~ v ~

L memo

Figure (b): 3K edits boost retrieval rate to 88%, +3% (compared to (a.))
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