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Knowledge Editing
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Knowledge Editing2 SSHQE Ol2it 22 JI=2= EJtet
“Editing Factual Knowledge in Language Models™ (Coo et al., 2021)
‘Model Editing with MEMIT: Improving Locality and Generality while Preserving Reliability” (Mitchell et al., 2022)
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GLAME

(Knowledge Graph Augmentation) (" Graph-based Knowledge Edit )

Relational
—Q

N -
External O O O

Knowledge Graph I
§ L - \
...... e B 1 L e
(s,r,0,0") = | i
Transformer Layer ; o
N | M Win[(ler] W &b
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el
=} . 1
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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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Relational Graph Neural Network
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Experiments

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

Models:
- GPT-2 XL(.5B)
- GPT-J(6B)
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©
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Methods:

- Constrained Fine-Tuning(FT)
- MEND

- ROME (+ROME-KG)

- MEMIT (+MEMIT-KG)

sing & Artificial Intelligence

Copyright © 2020 Natural Language Proces:

16



257>, Natural Language Processing
57 & Artificial Intelligence

Experiments - (1)

Table 1: Performance comparison on COUNTERFACT in terms of Efficacy Score (%), Paraphrase Score (%), and
Neighborhood Score (%), and COUNTERFACTPLUS in terms of Portability Score (%). The Editing Score (%) is the
harmonic mean of the four evaluation metrics. The best performance is highlighted in boldface, and the second-best
is underlined. Gray numbers indicate a clear failure on the corresponding metric.

Editor | Effi.Score Para.Score Neigh.Score Port.Score | Edit.Score
GPT-2 XL (1.5B) ‘ 22.20 24.70 78.10 10.18 ‘ 20.35
FT 100.00 87.90 40.40 15.13 35.64
MEND 99.10 65.40 37.90 11.15 28.28
ROME 99.95 96.48 75.44 21.43 49.82
ROME-KG 73.85 72.41 74.65 5.24 17.27
MEMIT 93.79 80.22 77.05 18.71 44.67
MEMIT-KG 53.09 45.28 77.90 9.99 26.00
E GLAME 99.84 96.62 76.82 23.95 53.24
: GPT-J(6B) | 1630 18.60 83.00 1144 | 1864
g FT 100.00 98.80 10.30 17.84 23.09
é MEND 97.40 53.60 53.90 12.99 32.14
e ROME 100.00 99.27 79.00 29.67 60.21
g ROME-KG 68.90 67.12 78.59 13.68 34.55
§ MEMIT 100.00 95.23 81.26 29.77 60.24
$ MEMIT-KG 53.75 40.22 82.80 8.63 23.33
g GLAME 100.00 99.30 81.39 33.04 63.87

8
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Experiments - (2)

Editor ‘ Effi.Score Para.Score Neigh.Score Port.Score ‘ Edit.Score
GPT-2 XL (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) ‘ 16.30 18.60 83.00 11.44 ‘ 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)

Editor | Average Score | 2-hops 3-hops 4-hops
GPT-2 XL (1.5B) | 21.29 | 25.13 23.3 15.43
ROME 29.70 39.80 31.07  18.23
MEMIT 26.52 35.87 2770 16.00
GLAME 31.48 41.83 3210  20.50
AlI'mprove 5.98% 5.10% 332% 12.45%
GPT-J (6B) | 16.83 1580 23.60 11.10
ROME 33.15 4280 38.37  18.27
MEMIT 27.46 3577  33.03  13.57
GLAME 35.11 44.13 39.87 2133
AlImprove 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'2, Piji Li'**
I 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
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MEMOoE

MoE MEMOoE

T { E ™
- Add & Norm Add & Norm

A AFN H| (aa [ | % -
A A * | \HEAAN ;
! Fr
Py
5 Knowledge Anchor

g Router * Router
f |
5 \ | | = '
3 Vo Add & Norm a Add & Norm
< ol i
= \ t ® t
2 41 Afttention Attention
< N
o2 | fomemm o S e
é r Train input tokens 1: [ 1 B + W Test input tokens 1: A A * A A Knowledge Anchor: * *
a { Train input tokens 2: gy « B W Test input tokens 2: A A A * A Normal token: [ A A
3 Figure 2: The architecture of MEMOoE, compared with conventional MoE. Same color denote inputs
3 requiring same knowledge. Pentagrams symbolize knowledge anchors within the input sentences,
P . - - - . .. -
8 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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MEMOoE

MEMoE:= Oi2Het 22 HAHIZ &S

1. Knowledge anchor A&

2. EZ gHIZt knowledge anchor &iHIE 28t
3. gate decision vector HI&t

4. Experts output Hi&t

5. MEMOoE layerQ| %|E output Hl&t
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Knowledge Anchor &{&
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token embeddingilt 22}

ZF EZ29| local token representationdt anchor embeddings Z&!

- anchor embedding2 22!0] 2HIE 2IO0IMHIA 25

Ranchor (i) = concat(x;, embed(xanchor ) )

CllAD
["Who", "is”, "the", "president”, "of", "the", "United", "States‘]

knowledge anchor 2HIES 2 E2 &St concat
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Gate Decision Vector Hl2t

2t 212 E2 0| [HoH Gate Decision VectorE Al

- softmax@ttop-k S¢S Soll, EE EZE ™ HEIJH0HH 2 SEXIE =& UH HIE

G = top,, (softmax (W, - R(x;) + €))
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Expert’s computation -> MEMoE output
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Experiments

Datasets
- ZsRE
- COUNTERFACT

Model
- GPT2-XL
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Table 1: Batch editing results. Bold is the best result, and underline is the second-best result.

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

FT-L 16.85 16.34 71.55 3491 0.27 0.34 85.18 28.60

FTI-M 17.95 17.32 71.26 35.51 0.36 0.42 82.81 27.86

LoRA 30.10 29.08 80.54 46.57 5.64 3.46 69.45 26.18

MEMIT GPT2-XL 61.19 49.97 97.51 69.56 81.01 27.67 95.80 68.16

MEND 2.16 2.11 20.34 8.20 0.13 0.03 4.22 1.46
_ COMEBA 82.21 66.61 99.40 82.74 85828 40.38 97.66 75.44
§ SERAC 98.64 48.12 35.68 60.81 17.88 14.55 82.25 38.23
= GRACE 95.56 39.76 99.93 78.41 94.23 32.56 094.58 73.79
% MEMoE 95.69 88.18 100.0 94.62 93.78 85.15 100.0 9298
g FT-L 14.19 13.07 70.16 32.47 0.21 0.30 80.69 27.07
£ FT-M 16.57 15.62 70.15 34.11 0.29 0.38 81.83 27.50
E LoRA . 25.32 23.15 52.01 33.49 21.70 22.32 40.37 28.13
§ MEMIT LLaMA2-TH 24.02 39.97 17.00 27.00 18.57 31.29 14.88 21.58
§ MEND 1.01 2.83 96.77 33.54 0.45 2.24 97.89 33.53
g SERAC 89.08 16.29 81.82 62.39 80.67 17.34 82.05 60.02
§ GRACE 94.50 38.20 99.90 77.53 82.14 32.09 08.93 71.05
g 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

Method Model ZsRE COUNTERFACT
Reliability? Generality? Locality] Average] Reliability] Generality] Locality] Average|
FT-L 3.79 2.48 6.60 4.29 1.00 1.00 6.00 2.67
FT-M 8.92 8.41 6.22 7.85 4.00 3.50 5.50 4.33
LoRA 0.96 1.29 0.03 0.76 0.50 0.02 0.50 0.34
MEMIT GPT2-XL 34.88 32.96 70.74 46.19 56.00 37.00 31.00 41.33
_ MEND 20.95 18.29 93.69 47.01 0.01 0.00 0.08 0.03
g COMEBA 66.91 56.11 097.23 7342 86.00 38.00 59.00 61.00
% SERAC 100.0 36.03 35.95 57.33 15.41 12.96 81.00 36.46
§ GRACE 100.0 0.04 100.0 66.68 100.0 0.40 100.0 66.80
3 MEMoE 74.69 58.18 08.93 77.27 88.12 54.78 09.45 30.78
g FT-L 2.33 1.59 6.67 3.53 0.23 0.18 10.66 3.69
};% FT-M 6.72 4.37 7.78 6.29 0.33 0.70 8.54 3.19
8 LoRA 0.35 1.89 0.07 0.77 0.31 0.99 0.17 0.49
§ MEMIT LLaMA2-7B 12.29 29.95 15.38 19.21 10.37 32.96 12.79 18.71
§ SERAC 67.78 33.98 34.55 45.44 20.21 14.05 34.90 23.05
§ GRACE 89.70 0.09 08.32 62.70 7441 1.03 096.67 57.70
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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 Consistency?

Type Generality] ReliabilityT LocalityT
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 99.84 100
Dynamic 30 10 10 0 0 69.67 76.33 90.12 99.84 100
40 10 0 0 0 74.63  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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