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Knowledge Editing

Knowledge Editing2 SSXC= Ol2Ht 22 JIE2= HItat
“Editing Foctual Knowledge in Longuage Models” (Cao et al, 2021)
‘Model Editing with MEMIT: Improving Locality and Generality while Preserving Reliobility” (Mitchell et al., 2022)
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Knowledge Graph Enhanced Large Language Model Editing
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GLAME

Qhaci_mmmm Graph LP:mBm:Q:a@ (_Graph-based Knowledge Edit )

B @OO : O

Relational
— @

y,.yw L,er@ @0+0 = GNN
mim_&m_ O O O

Knowledge Graph __
| . $ 1 . \
R | FFN! e -
(s,7,0,0%)|mp o |
Y, Transformer Layer m
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z * !
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: - _ T T ]
= G LILM L Attn |

Figure 2: An illustration of GLAME architecture. We first utilize a Knowledge Graph Augmentation module
to sample a high-order subgraph, recording the associated knowledge of changes caused by the edit (s, r, 0, 0*).
Subsequently, the entities and relations within the subgraph are encoded using the LLM, from which hidden vectors
are extracted from the early layers as the initial representations of the entities and relations in the subgraph. Then,
the well-designed Graph-based Knowledge Edit module leverages a relational graph neural network to incorporate
new knowledge associations from the subgraph into the parameter editing process.
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Knowledge Graph Augmentation
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Experiments

Dataset:
- COUNTERFACT(2022), COUNTERFACTPLUS(2023), MQUAKE(2023)

Models:
- GPT-2 XL(1.5B)
- GPT-J(6B)

Methods:

- Constrained Fine-Tuning(FT)
- MEND

- ROME (+ROME-KG)

- MEMIT (+MEMIT-KG)

Copyright © 2020 Natural Language Processing & Atrtificial Intelligence Lab.
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Experiments - (1)

Editor | Effi.Score Para.Score Neigh.Score Port.Score | Edit.Score
GPT-2 XL (1.5B) i 22.20 24.70 78.10 10.18 7 20.35
FT 100.00 87.90 40.40 15.13 35.64
MEND 99.10 65.40 37.90 i Ui £ 28.28
ROME 99.95 96.48 75.44 21.43 49.82
ROME-KG 73.85 72.41 74.65 5.24 1727
MEMIT 93.79 80.22 77.05 18.71 44.67
MEMIT-KG 53.09 45.28 77.90 9.99 26.00
g GLAME 99.84 96.62 76.82 23.95 53.24
: GPTJ(6B) | 1630 18.60 83.00 1144 | 1864
m FT 100.00 98.80 10.30 17.84 23.09
g MEND 97.40 53.60 53.90 12.99 32.14
» ROME 100.00 99.27 79.00 29.67 60.21
£ ROME-KG 68.90 67.12 78.59 13.68 34.55
m MEMIT 100.00 9523 81.26 29.77 60.24
m, MEMIT-KG 53.75 40.22 82.80 8.63 23.33
g GLAME 100.00 99.30 81.39 33.04 63.87
m Table 1: Performance comparison on COUNTERFACT in terms of Efficacy Score (%), Paraphrase Score (%), and
8 Neighborhood Score (%), and COUNTERFACTPLUS in terms of Portability Score (%). The Editing Score (%) is the
m harmonic mean of the four evaluation metrics. The best performance is highlighted in boldface, and the second-best
W is underlined. Gray numbers indicate a clear failure on the corresponding metric.
& 17
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Experiments - (2)

Editor | Effi.Score Para.Score Neigh.Score Port.Score | Edit.Score
GPT-2XL (1.5B) | 22.20 24.70 78.10 10.18 | 20.35
GLAME w/ MLP 99.79 91.79 77.05 21.73 50.55
GLAME w/ GNN 99.79 94.95 77.02 22.59 51.41
GLAME w/o GKE |  99.95 96.48 75.44 21.43 49.82

GLAME 99.84 96.62 76.82 23.95 53.24
GPT-J (6B) | 1630 18.60 83.00 1144 | 18.64
GLAME w/ MLP 99.85 98.28 80.41 30.45 61.94
GLAME w/ GNN 100.00 98.20 81.03 30.16 60.90
GLAME w/o GKE | 100.00 99.27 79.00 29.67 60.21
GLAME 100.00 99.30 81.39 33.04 63.87

Table 2: Ablation studies on COUNTERFACT in terms of Efficacy Score (%), Paraphrase Score (%), and Neighbor-
hood Score (%), and COUNTERFACTPLUS in terms of Portability Score (%).
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Experiments - (3)

““WWNW Natural Language Processing

= & Artificial Intelligence

Editor _ Average Score _ 2-hops 3-hops 4-hops
GPT-2 XL (1.5B) | 21.29 | 2513 233 15.43
ROME 29.70 39.80 31.07  18.23
MEMIT 26.52 3587 27.70  16.00
GLAME 31.48 41.83  32.10  20.50
Almprove 5.98% 5.10% 3.32% 12.45%
GPT-] (6B) | 1683 | 1580 2360 11.10
ROME 33.15 4280 3837 1827
MEMIT 27.46 35.77  33.03  13.57
GLAME 35.11 44.13 39.87 21.33
Almprove 5.92% 3.11% 391% 16.75%

Table 6: Performance comparison of editors on multi-
hop questions of MQUAKE dataset in terms of Efficacy

Score (%).
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MEMOoE: Enhancing Model Editing with Mixture of
Experts Adaptors

Renzhi Wang'?, Piji Li'**
! College of Computer Science and Technology,
Nanjing University of Aeronautics and Astronautics, China
2 MIIT Key Laboratory of Pattern Analysis and Machine Intelligence, Nanjing, China
!{rzhwang,pjli}@nuaa.edu.cn
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MEMoE

MoE MEMoE

_ Add & Norm
m +

@ i
AR :x,%g...fig | - R ] (T

___ i i
L N L i |
| |-

i
L4
.
=
g
=

> =

Router

T\ ,, |
._._. " _ _
aEmEm | add o | |
i \ | t |
A Attention |
| Train input tokens 1: M + W Test input tokens 1: A A * A A Knowledge Anchor: * *
| Traininputtokens2: g + H MW Testinputtokens 2: A A A * A Normal token: I A A !

£

Figure 2: The architecture of MEMOoE, compared with conventional MoE. Same color denote inputs
requiring same knowledge. Pentagrams symbolize knowledge anchors within the input sentences,
while squares and triangles represent ordinary input tokens during editing process and generality
evaluation respectively. The distribution of tokens within the FFN illustrates that knowledge anchor

consolidate inputs requiring same knowledge to the same experts.
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methods

MEMOoE

MEMoE= OI2iet 22 EHIZE &S

1. Knowledge anchor &|E

2. EZ g2t knowledge anchor 2HIE &
3. gate decision vector HIt!

4. Experts output Hl&f

5. MEMOoE layer9| £|& output HI&t

Copyright © 2020 Natural Language Processing & Atrtificial Intelligence Lab.
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MEMoE

token embeddingilt Z&t

2 EZ29| local token representationdt anchor embeddingS Z&!

- anchor embedding2 Z2I9| 2H|E cIOINNHIM &=
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Gate Decision Vector Hl4t

2t 212 E20| [HoH Gate Decision VectorE AHl&t

- softmax@t top-k QLS Soll, EA = 0 JE2J0IAH S RIE
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Experiments

Datasets
- ZsRE
- COUNTERFACT

Model
- GPT2-XL
- LLaMAZ2-7B

Zm?oo_m
FT-L, FT-M

- LoRA

- MEMIT

- MEND

- COMEBA
- SERAC

- GRACE

- MEMOoE
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Table 1: Batch editing results. Bold is the best result, and underline is the second-best result.

30

ZsRE COUNTERFACT
Method Model
Reliability? Generality? LocalityT Average Reliability? Generality? LocalityT Averagel

FT-L 16.85 16.34 71.55 3491 0.27 0.34 85.18 28.60

FT-M 17.95 17.32 71.26 35.51 0.36 0.42 82.81 27.86

LoRA 30.10 29.08 50.54 46.57 5.64 346 69.45 26.18

MEMIT GPT2-XL 61.19 49.97 097.51 69.56 81.01 27.67 05.80 68.16

MEND - 2.16 2.11 20.34 8.20 0.13 0.03 422 1.46
. COMEBA 82.21 66.61 09 .40 82.74 88.28 40.38 97.66 75.44
g SERAC 08.64 48.12 35.68 60.81 17.88 14.55 82.25 38.23
g GRACE 93.56 39.76 09.93 78.41 94.23 32.56 04,58 73.79
m MEMoE 95.69 88.18 100.0 94.62 93.78 85.15 100.0 92.98
g FT-L 14.19 13.07 70.16 3247 0.21 0.30 80.69 27.07
w FT-M 16.57 15.62 70.15 34.11 0.29 0.38 81.83 27.50
2 LoRA ) 25.32 23.15 52.01 3349 21.70 22.32 40.37 28.13
g MEMIT LaMas ik 24.02 39.97 17.00 27.00 18.57 31.29 14.88 21.58
m MEND 1.01 2.83 96.77 33.54 0.45 224 97.89 33.53
g SERAC 89.08 16.29 51.82 62.39 80.67 17.34 82.05 60.02
g GRACE 94.50 38.20 99.90 T1.53 82.14 32.09 08.93 71.05
m MEMoE 100.0 90.30 100.0 96.77 99.69 88.30 100.0 96.33
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Table 2: Sequential batch editing results. Bold is the best result, and underline is the second-best.

MEMoE 69.50 42.63 99.70 70.61 54.62 43.40 99.69 65.9

31

ZsRE COUNTERFACT
Method Model
Reliability? Generality? Locality] Averagel Reliability? Generality? Locality] Average!

FT-L 379 248 660 429 1,00 L.00 600 267

FT-M 8.92 8.41 622 785 4.00 3.50 550 433

LoRA 0.96 1.29 003 076 0.50 0.02 050 034

MEMIT o yp 34.88 3296 7074 4619  56.00 3700 3100 4133
| MEND 20.95 1820 9369  47.01 0.01 0.00 008 003
g COMEBA 66.91 s6.11 9723 7342 86.00 3800 5900 6100
SERAC 100.0 3603 3595 5733 15.41 1296 8100 3646
: GRACE 100.0 0.04 1000 6668 1000 0.40 1000  66.80
: MEMOE 74.69 5818 9893 7727 8812 5478 9945  80.78
: FT-L 233 159 667 353 023 0.18 1066 360
: FT-M 6.72 4.37 778 6.29 0.33 0.70 854  3.19
LoRA ‘ 0.35 1.89 007 077 0.31 0.99 0.17 049
£ Memrr DIRMAZTB 50 29.95 1538 1921 10.37 32.96 1279 1871
8 SERAC 67.78 3398 3455 4544 2021 1405 3490 2305
- GRACE 89.70 0.09 9832 6270 7441 1.03 9%6.67 5170
g



mnv.ov ZmEE__.m:mcmmmvﬂonmmmm:m
“= g Artificial Intelligence

Experiments - (3)

Reasoning NLI Cpen-doamin QA Closed-domain Q&
— - T e o 0.6
] 0.5 T
.. \ _(. 5
) 0.4
Yoe // ¥ ,,/ # 0.1 / g0t
I \ T .3 \ a ]
E \ £ — E \ Eo3 \
5 0.4 o 0 0.104 5 2 b \
£ \ =S £ \ = \ \
g O\ 3o kN g / &0 \
0.2 ,_, o r./ 0.05 1 ! A\ ¥
1 0.1 | L ol \ \
<@~ WMol ! = MIMGE \ b= WEMaE = HIMcl ! \
8- MERHT A —@— MEMAT / 8- WEMT _,.., - WEWT w.r..... b
0.0 =~ M — 0.0 =& HEND D.00 A &= HEND - h 0,0 = HEND T
Mo Edit 10 30 50 kL] Mo Edit 10 Eli] 50 T No Edit 10 30 50 10 Mo Edit 10 30 50 T
Edit Batch Size Edit Batch Size Edit Batch Size Edit Batch Size
Dialogue Summarization NER. Semantic Analysis
-
P t}\-f 0.175 e T U, % . —
= L} - L | k
g 0.20 \ T = 0.301 A e \
o - \ G150 = / \ //
= = 0.125 A 0.251 w 04 R
= $o01s a B y u s
a c \ = c Y c h
2 2 W . m 0,100 m 0.204 W m 03
= £ \ \ L]
< 5010 % S 0075 B 5154 ) =
5 T A e L] T = = b 3
o & \ g ’ g T poz N
g | 0.050 | 0.10 % . “u
3 0.03 \ .. B - 0.1 i
S —&— MEMaE e iy 0.0257 —a— uerar ,.,r. " 0.051 -» HEME /. —&— MEMIE
o o kT & MERT == \ - MEMT - HEET A
® 0,00 { =t= wino fx_ 0.000{ =a= wmn .,J|r|rs.|l 0.001 == WIND ——— 0,0 == Wnn ™)
> .|
& Mo Edit i0 30 a0 io Mo Edit 10 an 30 T Wo Edit 10 3o 50 m No Edlt o 30 50 T
Edit Batch Size Edit Batch Size Edit Batch Size Edit Batch Size

Figure 3: Performance on general tasks of edited models using MEMoE, MEMIT and MEND, with
different batch sizes for edits.
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Table 3: Expert Specific Experimental Results. “Dynamic™ indicates that we dynamically select input
data, while “Static” refers to evaluation conducted using models trained on previous experiments. “id”
stands for group id. “Similar” refers to similar knowledge, and “same” refers to same knowledge.

Number of data from each group ConsistencyT

Type Generality? Reliability? Locality?
id=1 id=2 id=3 id=4 id=5 similar same
10 10 10 10 10 63.09 73.77 88.10 99.84 100
20 10 10 10 0 6547  73.79 89.05 09.84 100
Dynamic 30 10 10 0 0 69.67 76.33 90.12 99.84 100
40 10 0 0 0 7463  B80.13 92.01 99.84 100
50 0 0 0 0 79.69  84.82 94.78 99.84 100
Static - - - - - 65.14  77.77 90.00 99.84 100
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