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Background & Motivation

Task: Knowledge Graph Completion (KGC)

head / subject entity relation tail / object entity

Triple Query: (England, contains, ?)

Rule-based* l rm—————- ~
Embedding-based —] |' 1. London
Graph-based path-finding I 2. Suffolk
Pre-trained language model-based I 3. Sunderland
: 4. Pontefract
v -
T p—— -

* We do not include rule-based methods in the discussion as their performance is no longer comparable to other methods.
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Background & Motivation

Early Stage: Knowledge Graph Embedding (KGE) models

(1) Translation-based models:

(2) Tensor-factorization based models:
(3) Non-linear models:

(4) KGE with additional information:

Mapping entities & relations into vector space

woman

man \ girl slower
\ father 4‘ slow

son
cat king 9U€e" boy |
slowest

dog \ mother Q faster
\ cats daughter fast /\
France
dogs England longer
/ / he fastest
Paris Italy \ she long
Londor/ \

himself longest

Rome herself

A well-known example (based on TransE):

king
mya\
man

female queen

\royal

female woman

man + royal =

(After training)
king + female = queen 2.
king

TransE (Bordes et al., 2013), RotatE (Sun et al., 2019), ...
TuckER (BalaZeviALc et al., 2019), HolE (Nickel et al., 2016), ...
ConvE (Dettmers et al., 2018), ConvKB (Nguyen et al., 2017), ...
DKRL (Xie et al., 2016), KR-EAR (Lin et al., 2016), ...

Define score functions as loss functions

h

r h
B
|h+r-t
i - hr J
t r

h hotr

(c) RotatE: an example of
modeling symmetric rela-
tions r with r; = —1

(b) RotatE models r as ro-
tation in complex plane.

(a) TransE models r as
translation in real line.

Figure 1: Illustrations of TransE and RotatE with only 1 dimension of embedding.

Limitations

1. Need a huge amount of data for training

Not use the rich text corpus behind the KG
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Graph-based path-finding method

CPL* framework: (Complete the knowledge graph by finding an evidential path)

John McCain runs campaign against Rudy Giuliani '
= John McCain trail behind Rudy Giuliani in polls

* John MeCain collaborates, with Rudy Giuliani fact . '('J?JHB'_M E'c'a'fn' i be 'éﬁa'y'_'éfd 0 ;1"5 """ Eié"

(John_MccCain, run_for, Republican_Party), 0.7

_‘ add edges to current

reasoning location

ranked edge suggestions and confidence scores

................................................. . extractor
' John McCain launches the presidential campaign

: John McCain run for Republican Party

John McCain joins Republican Party . . . .
................................................ Reasoning start location current reasoning location

Noisy sentence bags
T rivive e T \

r collaborate_with ) collaborate_with |
(Barack_Obama, work_for, ?) reasoner || Barack Obama —»| John McCain [= = = = = »| Rudy Giuliani |
|\ S TTPN R —
uery ] Se— Y e, traaa
query lis_born_in work_for TTTTeresaaa,,, N work_for :
I y e, > A
| B . US. |
knowledge graph | Hawail is_located_in The USS. Government J
N e e e e e e — — — — — — — —— — S G — — — — — — — — — — — —

Limitations
Extracted set of facts is noisy and constricted
— insufficient information to efficiently update the KG

*Fu, Cong, et al. "Collaborative Policy Learning for Open Knowledge Graph Reasoning." Proceedings of the 2019 Conference on Empirical Methods in Natural Language
Processing and the 9th International Joint Conference on Natural Language Processing (EMNLP-IJCNLP). 2019.
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Pre-trained Language Model-based Methods

Why PLM helps?
- researchers realize that pre-trained language models (PLM) can be knowledge bases

Relation Query Answer Generation
P19 Francesco Bartolomeo Conti was bornin . Florence Rome [-1.8], Florence [-1.8], Naples [-19], Milan [-24], Bologna [-2.5]
P20 Adolphe Adam diedin ___. Paris Paris [-0.5], London [-3.5], Vienna [-3.6], Berlin [-3.8], Brussels [-4.0]
Memory Query Answer P279 English bulldog is a subclass of . dog dogs [-0.3], breeds [-2.2], dog [-24], cattle [-4.3], sheep [-4.5]
P37 The official language of Mauritiusis ____. English English [-0.6], French [-0.9], Arabic [-6.2], Tamil [-6.7], Malayalam [-7.0]
(DANTE, born-in, X) P413 Patrick Oboya playsin _____ position. midfielder centre [-2.0], center [-2.2], midfielder [-2.4], forward [-2.4], midfield [-2.7]
A - P138 Hamburg Airport is named after ____. Hamburg Hess [-7.0], Hermann [-7.1], Schmidt [-7.1], Hamburg [-7.5], Ludwig [-7.5)
KG DANTE FLORENCE P364 The original language of Mon oncle Benjaminis ____.  French French [-0.2], Breton [-3.3], English [-3.8], Dutch [4.2], German [-4.9]
born-in P54 Dani Alves plays with __. Barcelona  Santos [-2.4], Porto [-25], Sporting [-3.1], Brazil [-3.3], Portugal [-3.7)
FroRENGE P106 Paul Tounguiisa by profession . politician lawyer [-1.1], journalist [-2.4], teacher [-2.7], doctor [-3.0], physician [-3.7)
P527 Sodium sulfide consists of ____. sodium water [-1.2], sulfur [-1.7], sodium [-2.5], zinc [-2.8], salt [-2.9]
“Dante was born in [MASK].” % P102 Gordon Sc.hol.es is 'a meml?er of l.l‘xe — political party. Labor Lab.our [-1.3], Conservative [-1.6], Qreen [-2.4] , Liberal [-2.9]', Labor [-2.9]
\ [ P530 Kenya maintains diplomatic relations with ___. Uganda India [-3.0], Uganda [-3.2], Tanzania [-3.5], China [-3.6], Pakistan [-3.6]
LM Florence = P176 iPod Touch is produced by . Apple Apple [-1.6], Nokia [-1.7], Sony [-2.0], Samsung [-2.6], Intel [-3.1]
Memory Access P30 Bailey Peninsula is located in ____. Antarctica  Antarctica [-1.4], Bermuda [-2.2], Newfoundland [-2.5], Alaska [-2.7], Canada [-3.1]
P178 JDK is developed by ____. Oracle IBM [-2.0], Intel [-2.3], Microsoft [-2.5], HP [-3.4], Nokia [-3.5]
e.g. ELMo/BERT P1412 Carl IIT used to communicate in ____. Swedish German [-1.6], Latin [-1.9], French [-2.4], English [-3.0], Spanish [-3.0]
P17 Sunshine Coast, British Columbia is located in ____. Canada Canada [-1.2], Alberta [-2.8], Yukon [-2.9], Labrador [-3.4], Victoria [-3.4]
Figure 1: Querying knowledge bases (KB) and lan- P39 Pope Clement VII has the positionof . pope cardinal [-2.4], Pope [-2.5], pope [-2.6], President [-3.1], Chancellor [-3.2]
guage models (LM) for factual knowledge. P264 Joe Cocker is represented by music label ____. Capitol EMI [-2.6], BMG [-2.6], Universal [-2.8], Capitol [-3.2], Columbia [-3.3]
P276 London Jazz Festival is located in ____. London London [-0.3], Greenwich [-3.2], Chelsea [-4.0], Camden [-4.6], Stratford [-4.8]
P127 Border TV is owned by ___ . ITvV Sky [-3.1]1,ITV [-3.3], Global [-3.4], Frontier [-4.1], Disney [4.3]
P103 The native language of Mammootty is ____. Malayalam Malayalam [-0.2], Tamil [-2.1], Telugu [-4.8], English [-5.2], Hindi [-5.6]
P495 The Sharon Cuneta Show was created in __. Philippines Manila [-3.2], Philippines [-3.6], February [-3.7], December [-3.8], Argentina [-4.0]
Knowledge Probing with BERT-Large
* Petroni, Fabio, et al. "Language Models as Knowledge Bases?." Proceedings of the 2019 Conference on Empirical Methods in Natural Language Processing and the 9th 7

International Joint Conference on Natural Language Processing (EMNLP-IJCNLP). 2019.
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Pre-trained Language Model-based Methods

KG-BERT* approach (Finetune a PLM with sliced triples)

Triple Label y € {0,1}

r A 2

Worse performance than KGE methods

Limitations
KG-BERT (a)
PLM is trained with a self-defined
data type (sliced triple) s.t. the

implicit knowledge in it could not

[E[CLS]m SN 4 E3ENED s [E—g][EfSEPJA be well exploited.
[CLS] ) { Tok Tokh SEP]J[Tokj | [Tokg][[SEP]j[Tokgj l Tok!, | [ [SEP]

Head Entity Relation Tail Entity

*Yao, Liang, Chengsheng Mao, and Yuan Luo. "KG-BERT: BERT for knowledge graph completion." arXiv preprint arXiv:1909.03193 (2019).
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Pre-trained Language Model-based Methods

PKGC* approach
- Transform KG triples to PLM-understandable text through prompt
- Append support information to fine-tune the PLM

o

: Limitations
[ Pre-trained Language Model )
2 A A N A O A A ,-l---i---.i T 1. Human-powered prompt
[\,LSJ :\\[SP]1 chrou - { \[SP] \ Lakers\ \@n/\ - ,/’: :\ feﬁro_l:\_\iaixei\__;i/: II:\‘ The \ \ sport | - . \/ \ SEP design iS Very COStly.
Triple Prompts Support Prompts 2. The designed prompts may lead
to suboptimal performance.
| [SP] Lebron James [SP] plays for [SP] Lakers [SP]. ) | Lebron James: American basketball player. | Definition 3. Support information is not pre-
-------------------------- ' Lakers: American professional basketball team. K . .
. 4 ------------------------ defined in most datasets
Adding soft prompts e, — - - —_————- \
! The sport number of Lebron James is 23. .
The Founding year of Lakers is 1947 : Attribute
Template: [X] plays for [Y]. —» Lebron James plays for Lakers. o0 uncing year of Lakersis 1947 ——
Triple: (Lebron James, member of sports team, Lakers)
*Lv, Xin, et al. "Do pre-trained models benefit knowledge graph completion? a reliable evaluation and a reasonable approach." Association for Computational 9

Linguistics (ACL), 2022.
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How can we generate quality prompt automatically?

PLM-based KGC task Conventional Slot Filling task™*

Triple Query: (Detroit, contained_by, ?) Triple Query: (Detroit, contained_by, ?)

v y quality pattern
prompt | °© pattern ‘4 |

pattern mining
techniques

r (v & Corpus : |
| |

Michigan Michigan

10

* Yahya, Mohamed, et al. "Renoun: Fact extraction for nominal attributes." Proceedings of the 2014 conference on empirical methods in natural language processing (EMNLP). 2014.



Background & Motivation I

How can we generate quality prompt automatically?

PLM-based KGC task Conventional Slot Filling task*
Triple Query: (Detroit, contained_by, ?) Triple Query: (Detroit, contained_by, ?)
= quality pattern as prompt? v quality pattern
prompt e pattern ‘4 |
pattern mining

techniques

(data source)

\ 4 \
is pre-trained on : [
PLM'J@ ——————————Corpus
J

Michigan Michigan

11

* Yahya, Mohamed, et al. "Renoun: Fact extraction for nominal attributes." Proceedings of the 2014 conference on empirical methods in natural language processing (EMNLP). 2014.
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Methodology — TagReal

TagReal framework
- Apply pattern mining & selection approaches to mine quality prompts from the corpus.
- (Optional) apply support information retrieval technique to retrieve relevant information from the corpus.

Prompt Generation & Support Information Retrieval Training Inference

Triples (R, 7, 0| [ Query (b, , ?) |
Labels (0/ 1)

Support Information | | Suwpport | [ N
Retrieval (with BM?25) Texts |----- -
Prompt Generation
K ..
triGles Pattern Mining & :
8 Selection (with .| Quality >
MetaPAD and TruePIE) Prompts ! |
Labeled Masked Sentence
Prompt Optimization Sentences
(with PLM) Fine-tune
Pre-trained e
Language Model | | Predicted entity ¢

13
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Prompt Generation Process

given a KG with a relation set R = (r1,r9,...,7), we first extract tuples T;.,

paired by head entities and tail entities for each relation r; € R from the KG.
A

Sub-corpus C,, € C for 1 € R, size(St;)= 0

Input: Relations R ,// Tuples 7y, €T for 1 € R
. . 1 :< microsoft, bill_gates >
"1 : /business/company/founder Tuple Extraction —» y

:< amazon, jeff benzos >

Tk : /location/neighbor/neighbor_of th < sony, mas.aru ibuka >

Sub-corpora Mining

7 ol Reliable
T 8
. e -+ Sources
Output: Final prompts P La (optional)

Final prompts P, € P forrelation 71 € R

P11- [Y], founder of [X] 0.2718 Prompt Optimization
P12: [Y], co-founder of [X]  0.2355 v R—
’ . . prob. distribution of
Pin: [Y], chairman of [X] 0.0923 @m Pry : Plyle,r1)
5 P
A A )
Final prompts P,, € P for relation r, € R Prompt Selection
Pra: [X], neighborhood of [Y]¢.3088
Dra [Y]s [X] neighborhood 02044 Contextual (e.g., MetaPAD)
5 +
Pin' [X] area of [Y] 0.1441

Embedding (e.g., TruePIE)

“[Y] co-founded [X] corporation in 1975 with paul allen.”

“[Y]is a co-founder of [X], along with his late childhood
friend paul allen.”

“['Y] was a co-founder of [X] , along with akio morita .”

“[X] founder and waseda alumnus [Y]

Phrase Segmentation (e.g., with AutoPhrase)
& Frequent Pattern Mining (e.g., with FP-Growth)

|

Prompt candidates P;l € P'for relation 71 € R

28 [X] and [Y] and

py: [Y]. founder of [X]

pi: [Y] leaves [X]

[ 2% [Y] co-founded [X] with paul allen
Pm-2 founder [Y]

Pm-1 [Y] says [X] that

Drm: [X]’s founder [Y]

14
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we then search sentences s;; containing both head

Prompt Generation Process

Input: Relations R Tuples 7y, €T for 1 € R

t1 :< microsoft, bill_gates >

el s e E o :< amazon, jeff benzos >

"1 : /business/company/founder

Tk : /location/neighbor/neighbor_of th < sony, mas.aru ibuka >

Sub-corpora Mining

7 ol Reliable
T 8
. e -+ Sources
Output: Final prompts P La (optional)

Final prompts P, € P forrelation 71 € R

P11- [Y], founder of [X] 0.2718 Prompt Optimization
P12: [Y], co-founder of [X]  0.2355 v R—

’ . . prob. distribution of
Pin: [Y], chairman of [X] 0.0923 @m Pry : Plyle,r1)

: Pr,|

Final prompts P,, € P for relation r, € R

[X], neighborhood of [Y]¢.3088
[Y]'s [X] neighborhood ¢.2044

Prompt Selection
Zk.lf Contextual (e.g., MetaPAD)
k.2

+

[X] area of [Y] Embedding (e.g., TruePIE)

Pin: 0.1441

and tail in a large corpus, to compose the sub-corpus C.,

4
1
1
/) Sub-corpus C,, € C for 71 € R, size(S¢;)= 0
) !
| ’
1 /) “[Y] co-founded [X] corporation in 1975 with paul allen.”
1 1 8
i I :
| / t “[Y]is a co-founder of [X], along with his late childhood
| ,’ friend paul allen.”
N .
! .
s “['Y] was a co-founder of [X] , along with akio morita .”
th 2
“[X] founder and waseda alumnus [Y]

Phrase Segmentation (e.g., with AutoPhrase)
& Frequent Pattern Mining (e.g., with FP-Growth)

|

Prompt candidates P;l € P'for relation 71 € R

28 [X] and [Y] and

py: [Y]. founder of [X]

pi: [Y] leaves [X]

[ 2% [Y] co-founded [X] with paul allen
Pm-2 founder [Y]

Pm-1 [Y] says [X] that

Drm: [X]’s founder [Y]

15
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Prompt Generation Process

Input: Relations R

"1 : /business/company/founder————— Tuple Extraction —»

Tk : /location/neighbor/neighbor_of

Output: Final prompts P

Final prompts P,, € P for relation 71 € R

P11 [Y], founder of [X] 0.2718
P12: [Y], co-founder of [X]  0.2355

Pin: [Y], chairman of [X] 0.0923

Final prompts P,, € P for relation r € R

Pk [X], neighborhood of [Y]0.3088
Dk,2: [Y]'s [X] neighborhood (2044

Dkn’ [X] area of [Y] 0.1441

—

Tuples Ty, €T for 7 € R

| 11 :< microsoft, bill_gates >
| t2 :< amazon, jeff benzos >

th :< sony, masaru_ibuka >

___________________ Pz

Sub-corpora Mining
. Reliable

g —_—

o -+ Sources
rh 1

il (optional)

Prompt Optimization

— prob. distribution of
-@A P,, : P(yle,ry)
Pry
X

Prompt Selection
Contextual (e.g., MetaPAD)

_l’_
Embedding (e.g., TruePIE)

Sub-corpus C,, € C for 71 € R, size(S¢t;)= 0

“[Y] co-founded [X] corporation in 1975 with paul allen.”
S g
t “[Y] is a co-founder of [X]. along with his late childhood
friend paul allen.”
s “[Y] was a co-founder of [X] , along with akio morita .”
th :
“[X] founder and waseda alumnus [Y] ™ We use AutoPhrase to Segment

corpora into more natural and
unambiguogvs semantic phrases

Phrase Segmentation (e.g., with AutoPhrase) -~~~
& Frequent Pattern Mining (e.g., with FP-Growth)

S
N
N

N
N

Prompt candidates 7’;1 € P'for relation 1 € R \4
pé: [X] and [Y] and
Z; {Qlﬁi‘iﬁfﬁ?}”x] and use FP-Growth algorithm
P [¥] co-founded [X] with paulallen 1, yine frequent appeared
Pz founder [Y] patterns to compose a candidate
B sett P}, = (P1,3: D)

(AutoPhrase) Jingbo Shang, Jialu Liu, Meng Jiang, Xiang Ren, Clare R Voss, and Jiawei Han. 2018. Automated phrase mining from massive text corpora. IEEE
Transactions on Knowledge and Data Engineering, 30(10):1825-1837.

(FP-Growth) Jiawei Han, Jian Pei, and Yiwen Yin. 2000. Mining frequent patterns without candidate generation. ACM sigmod record, 29(2):1-12.

16
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Prompt Generation Process

Input: Relations R Tuples Ty, €T for 7 € R Sub-corpus C,, € C for 1 € R | size(St;)= 0
. X Lt < microsoft, bill_gates > ' o .
"1 : /business/company/founder—————— Tuple Extraction —»/ ta :< amazon, jeff benzos > ! “[Y] co-founded [X] corporation in 1975 with paul allen.”
: i 3 i Sty q ; . . .
Tk : /location/neichbor/neichb f ! : . ! “[Y] is a co-founder of [X]. along with his late childhood
ocation/neighborineighbor© L,ffa_if_%91_1&_11_1'3_8_%}1&7_1!21_42%2___5 friend paul allen.”
Sub-corpora Mining :
Lot Reliable
i ““ 4 <+ Sources “[Y] was a co-founder of [X] , along with akio morita .”
Output: Final prompts P R (optional) St :
“[X] founder and waseda alumnus [Y] ™
Final prompts P, € P forrelation 71 € B | lllloooooooooooe :
P11 [Y], founder of [X] 0.2718 Prompt Optimization
P12: [Y], co-founder of [X]  0.2355 W — s -
: - prob. distribution of Phrase Segmentation (e.g., with AutoPhrase)
Pin: [Y], chairman of [X] 0.0923 @ Pry : Plylo,m) L & Frequent Pattern Mining (e.g., with FP-Growth)
: Pry U
"""" ! rompt candidates P, € or relation 71
K Promp did. P,, € P for relati €ER
Final prompts P,, € P for relation r € R Prompt Selection P [X] and [Y] and
: 1 P2 [Y]. founder of [X]
Pk (X], nelgthfhood of [Y]o.3088 Contextual (e.g., MetaPAD) (Z8 [Y] leaves [X]
Pk,2: [Y] 's [X] nel ghborhood 0.2044 pi: [Y] co-founded [X] with paul allen
: + : ‘
. ) i of founder [Y]
Pi,n’ [X] area of [Y] 0.1441 Embedding (e.g., TruePIE) . (e [Y] says [X] that
AN Pm: [X]’s founder [Y]

\A 77777777777777777777777777777777777777777777777777777777777777777777777777777777 H
To select quality patterns from the candidate set, we apply

two textual mining approaches: MetaPAD and TruePIE.

(MetaPAD) Jiang, Meng, et al. "Metapad: Meta pattern discovery from massive text corpora.” Proceedings of the 23rd ACM SIGKDD. 2017.
(TruePIE) Li, Qi, et al. "Truepie: Discovering reliable patterns in pattern-based information extraction." Proceedings of the 24th ACM SIGKDD. 2018.
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Prompt Generation Process

Input: Relations R Tuples Ty, €T for 7 € R Sub-corpus C,, € C for 1 € R | size(St;)= 0
| 1 :< microsoft, bill_gates > |
"1 : /business/company/founder—————— Tuple Extraction —»/ ta :< amazon, jeff l;egnzos > ! “[Y] co-founded [X] corporation in 1975 with paul allen.”
f e St1 1 wen : - .
Tk : /location/neighbor/neighbor_of }L th :< sony, masaru_ibuka > i ﬁzx]l cllspaa :;f;ﬁ)elzfer of [X]. along with his late childhood
Sub-corpora Mining :
Lot Reliable
- - 5 . . .
) 5 oo o 4 <+ Sources s “[Y] was a co-founder of [X] . along with akio morita .”
Output: Final prompts P G (optional) th ] founde and ol : .
ounder anda waseda alumnus
Final prompts P, € P forrelation 71 € B | e i
P11 [Y], founder of [X] 0.2718 Prompt Optimization
: Y], co-founder of [X 0.2355 e
P12 (Y] : (X] y' prob. distribution of Phrase Segmentation (e.g., with AutoPhrase)
Pin: [Y], chairman of [X] 0.0923 @ Pyy  Plyla, i) AN L & Frequent Pattern Mining (e.g., with FP-Growth)
. S A I
Prl | We use PLM-based approach* to optimize the

'

K ensemble, as some prompts in the ensemble are” for relation 71 € R

Final prompts P,, € P for relation 7). € R Prompt Selection more reliable and ought to be weighted more

Pra: [X], neighborhood of [Y].3088

. Contextual (e.g., MetaPAD : Py [Y] leaves [X]
Pi,2: [Y]'s [X] neighborhood (2044 (e ) i pz: [Y] co-founded [X] with paul allen
: + i H :
: . i Pm-2: founder [Y]
Pin: [X] area of [Y] 0.1441 Embedding (.g., TruePIE) | i e T
' Pm: [X]’s founder [Y]

*Jiang, Zhengbao, et al. "How can we know what language models know?." Transactions of the Association for Computational Linguistics 8 (2020): 423-438.
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The prompt selection is the most essential module in the prompt generation process.

Why it works?

Prompt Selection
Contextual (e.g., MetaPAD)

+
Embedding (e.g., TruePIE)

\

Prompt candidates 73;1 € P'for relation 1 € R

_________________________________________________________________________________

MetaPAD

Metrics

(4) Completeness
_ (5) Coverage

(1) Frequency
(2) Concordance/

(3) Informativeness ——»

\\\\»

| 28 [X]and [Y]and ) §
! 2% [Y], founder of [X] ;
! p3: [Y] leaves [X] |
i Dy [Y] co-founded [X] with paul allen
i [p;n_zi founder [Y] ] 3
| [Py [Y] says [X] that 1
: Pm [X]’s founder [Y]

Since a PLM learns more contextual relations between frequent patterns and
entities during the pre-training stage, a pattern occurs more frequently in the
background corpus can probe more facts from the PLM.

if a pattern composed of highly associated sub-patterns appears frequently, it
should be considered as a good one as the PLM would be familiar with the
contextual relations among the sub-patterns.

A pattern with low informativeness (e.g., pll) has the weak ability of PLM
knowledge probing, as the relation between the subject or object entities cannot
be well interpreted by it.

The completeness of a pattern affects a lot to the PLM knowledge probing
especially when any of the placeholders is missing (e.g., p,,_s)

A quality pattern should be able to probe accurate facts from PLM as many
as possible. Therefore, patterns like p, which only suit a few or only one case
should have a low quality score.

19
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The prompt selection is the most essential module in the prompt generation process.

Prompt Selection

Contextual (e.g., MetaPAD)
+
Embedding (e.g., TruePIE)

Why it works?

[ TruePIE }

Prompt candidates P;l € P'for relation 1 € R

\

pi: [X] and [Y] and
Py [Y]. founder of | X]

lE;j’: [Y] leaves [X]

[Y] co-founded [X] ith paul allen

Pa:
- founder [Y]
ﬁ_lz [Y] says [X] that
Pm: X]’s founder [Y]

TruePIE filters the prompts that have low cosine similarity with the positive
samples (e.g., p; and p,, _; are filtered), which matters to the creation of prompt

ensemble since we want the prompts in the ensemble to be semantically close

Seed Pattern

>
SLOCATION president
SPERSON

=

4

Reliable Tuples m Candidate Patterns
V| E

us

Trump

Obama

- D g

Generate
patterns

o/

xtract more i
/SPERSON, president of SLOCATION ~ #*

N\
[ SPERSON, the SLOCATION ‘s president \

President SPERSON visited SLOCATION =

SLOCATION prime minister SPERSON

Extract more\
W‘

SPERSON, the elected SLOCATION leade
SLOCATION ‘s dictator SPERSON 4
SPERSON ruled SLOCATION 4

E

4

President SPERSON arrived in SLOCATION =

SLOCATION : president SPERSON

.

)

¥ 4

®

predlict

filtered

20
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Support Information Retrieval

For each triple, we search
relevant sentences in corpus

Select the top-ranked
sentence in length restriction

Attach the support texts
to the prompts

(At the training phase, [MASK]
is filled by object entity and
[CLS] is filled by label)

Query q;: < microsoft, /business/company/founder, ? >

BM25
Support Information Sr

“however, microsoft is planning a significant marketing
push into the field with a keynote speech by bill gates,
the company 's co-founder and chairman.” Tran: generated by randomly replacing the head or

(Negative Sampling)

Prompt ensemble P,

p1: [Y], founder of [X]
p,:  [Y], co-founder of [X]

J tail entity of the triple in T with other entity.

Tkce: generated by replacing the head or tail entity
with another entity that KGE model considers to
have a high probability of holding

Pn: [Y], chairman of [X]

tmmmmmmmmmmmmpmmmmmmmmmmes D _
Query instances §; : I |7l =K |7~

“[CLS] however, microsoft is planning a significant T
marketing push into the field with a keynote speech by
bill gates, the company 's co-founder and chairman.
[SEP] [MASK], founder of microsoft”

JRAN __ @
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Experiment — Settings

relations #triples(all) #queries(all) ratio(all) #triples(test) #queries(test) ratio(test)
Dataset:
FB60K-NYT10
FB6OK-NYT10 & UMLS'PUbMed /people/person/nationality 44186 20215 2.19 4438 2282 1.94
: . /location/location/contains 42306 11971 3.53 4244 2373 1.79
(KG with the associated corpus) Jpeoplefpersonfplace_lived 29160 12760 2.9 3094 2066 1,50
/people/person/place_of _birth 28108 16341 1.72 2882 2063 1.40
/people/deceased_person/place_of _death 6882 4349 1.58 678 518 1.31
Metrics: pecrtelelmicioecpi w6 i 2w 0 M L8
. . people/ethnicity/people : .
HltS@N, Mean Rec1pr0cal Rank (MRR) /business/person/company 4334 2370 1.83 450 379 1.19
/people/person/religion 3580 1688 2:12 300 175 1.71
/location/neighborhood/neighborhood_of 1275 547 2.33 130 91 1.43
/business/company/founders 904 709 1.28 94 87 1.08
Q R. 0.R; > N /people/person/children 821 711 1.15 56 56 1.00
HitsQN = E e and R;in = » /location/administrative_division/country 829 498 1.66 88 72 1.22
‘ ’ 1.R; < N. /location/country/administrative_divisions 829 498 1.66 102 79 1.29
=1 = " /business/company/place_founded 754 548 1.38 80 73 1.10
/location/us_county/county_seat 264 262 1.01 32 32 1.00
Qoq UMLS-PubMed
MRR = E may_be_treated_by 71424 7703 9.27 7020 3118 2.25
_ QR i i may_treat 71424 7703 9.27 6956 3091 2.25
=1 may_be_prevented_by 10052 3232 3.11 1014 584 1.74
may_prevent 10052 3232 3.11 1034 586 1.76
gene_mapped_to_disease 6164 1732 3.56 596 331 1.80
disease_mapped_to_gene 6164 1732 3.56 652 357 1.82
gene_associated_with_disease 536 289 1.85 58 49 1.18
disease_has_associated_gene 536 289 1.85 48 41 1.17
Two datasets provided by Fu, et al.
*Fu, Cong, et al. "Collaborative Policy Learning for Open Knowledge Graph Reasoning." Proceedings of the 2019 Conference on Empirical Methods in Natural Language 23

Processing and the 9th International Joint Conference on Natural Language Processing (EMNLP-IJCNLP). 2019.



Experiment — Baseline Comparison on KG Completion

Model 20% 50% 100%
Hits@5 Hits@10 MRR Hits@5 Hits@10 MRR Hits@5 Hits@10 MRR
TransE (Bordes et al., 2013) 29.13 32,67 1580 41.54 4574 2582 4253 4677 29.86
1 . DisMult (Yang et al., 2014) 3.44 431 264 1598 1885 13.14 3794 4162 30.56
Observation 1: KGE-based  COmPIEX (Trouillon etal., 2016a)  4.32 548 316 1500  17.73 1221 3542 3885 2859
Non-PLM-based models suffer . ConvE (Dettmers et al., 2018) 2949 3330 2431 4010 4403 3297 50.18 5406 4039
TuckER (Balazevié etal, 2019)  29.50  32.48 2444 4173 4558 33.84 5109 5480 4047
from training data dropping. RotatE (Sun et al., 2019) 1591 1832 1265 3548 3942 2892 5173 5527 42.64
RC-Net (Xu et al., 2014) 1348 1537 1326 1487 1654 1463 1469 1634 1441
Text&KGE-based TransE+Line (Fu et al., 2019) 12.17 1516 488 21.70 2575 881 2676  31.65 10.97
Reasons: JointNRE (Han et al., 2018) 1693 2074 1139 2696  31.54 2124 4202 4733 32.68
h RL-based MINERVA (Das et al., 2017) 11.64 1416 893 2516  31.54 2224 4380 4470 34.62
(1) KGE methods need very : CPL (Fuet al., 2019) 1519  18.00 10.87 26.81 3170 2380 43.25 4950 33.52
dense data to be trained well. PLM.based  PKGC (Lvetal,2022) 35.77 4382 28.62 4193 4610 3181 4198 5256 32.11
TagReal (our method) 4559 5134 3541 4898  55.64 38.03 50.85  60.64 38.86

(2) Path finding-based methods

Table 1: Performance comparison of KG completion on FB60K-NYT10 dataset. Results are averaged values of

like CPL are unable to ten independent runs of head/tail entity predictions. The highest score is highlighted in bold.
recognize the underlying
patterns with insufficient Model 20% 40% 70% 100%
. . Hits@5 His@10 Hits@5 Hits@10 Hits@5 Hits@10 Hits@5 Hits@10
evidential and general paths.
TransE (Bordes et al., 2013) 1970 3047 2772 4199 3462 4929 4083  53.62
DisMult (Yang et al., 2014) 1902 2835 2828 4048 3266 4701 3953  53.82
KGE-based  ComplEx (Trouillonetal 20162) 1128 17.17 2464 3515 2589 3819 3454 4930
ConvE (Dettmers et al., 2018) 2045 3072 2790 4249 3067 4591 2985  45.68
rvation 2: TuckER (Balazevic etal., 2019) 1994  30.82 2579  41.00 2648 4248 3022  45.33
Obse O = RotatE (Sun et al., 2019) 1795 2755 2735 4068 3481 4881 4015  53.82
TagReal significantly outperforms RC-Net (Xu et al., 2014) 794 1077 756 1143 831  11.81 926  12.00
. Text&KGE-based TransE+Line (Fu et al., 2019) 2363 31.85 2486 3858 2543 3488 2231  33.65
the SOTA PLM-based method. JointNRE (Han et al., 2018) 2105 3137 2796 4010 3087  44.47 : -
Ribased  MINERVA (Das et al 2017) 1155 1987 2465 3571 3580 4626 5763  63.83
CPL (Fu etal., 2019) 1532 2422 2696 3803 3723 4760 58.10  65.16
PLM.based  PKGC (Lvetal. 2022) 308 4349 4134 5244 47139 5552 5505 5943
TagReal (our method) 3583 4645 4626 5599 5346 6040  60.68  62.88

Table 2: Performance comparison of KG completion on UMLS-PubMed dataset. Results are averaged values
of ten independent runs of head/tail entity predictions. The highest score is highlighted in bold.



Experiment — Ablation Study

FB60K-NYT10 UMLS-PubMed

Condition FB60K-NYT10 UMLS-PubMed

0.95 1
20% 50% 100% 20% 40% 70% 100% 0801 %
[T ] (35.77,43.82) (41.93,46.70) (41.98,52.56) (31.08,43.49) (41.34,52.44) (47.39,5652) (55.05,59.43) 075 0.901

man+supp | (43.23,47.74) (47.10,52.02) (48.66,57.46) (32.95,44.42) (44.37,54.96) (51.98,59.09) (59.99, 61.23)

Fl-score

(44.54,49.53) (47.43,53.87) (49.03,58.82) (35.56,45.33) (45.35,55.44) (53.12,59.65) (60.27,61.70) 0701 ke | 0851 e )
optim+supp | (45.59, 51.34) (48.98,55.64) (50.85, 60.64) (35.83,46.45) (46.26,55.99) (53.46,60.40) (60.68, 62.88) oes 1 om. wr

651 A ipieines

. . . . . . —v— f4: (f2) + supp 0.80 4 uS: (u3) + supp

Table 3: Ablation study on prompt and support information. Data in brackets denotes Hits@5 (left) and Hits@10 ) y T T . ) T )

non

(right). "man", "mine" and "optim" denote TAGREAL with manual prompts, mined prompt ensemble without Training Progress Training Progress

optimization and optimized prompt ensemble, respectively. "supp" denotes application of support information. Figure 5: Performance (F1-Score) variation of triple

classification w.r.t training time. "man" or "optim"
means TAGREAL with manual prompts or optimized
prompt ensemble. "supp" denotes support information.

Observation 1: Observation 3:

Support information retrieval helps, especially Weighted ensemble through PLM-based

on the FB60K-NYT10 dataset. prompt optimization helps boost performance.
Observation 2: Observation 4:

The ensemble of mined prompts can already The choice of PLM is important, especially for
outperform human-designed prompts. domain-specific datasets.
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Experiment — Case Study

Query: (?, /location/location/contains, alba)

Manual Prompt Optimized Prompt Ensemble weights
Y], [X] . 0.10490836
[Y] is located in [X]. home in [Y], [X] . 0.23949857
[Y] is in [X] . 0.24573646
0.32810964
0.34946583

Support Information (retrieved by BM25)

“in alba ,italy 's truffle capital , in the northwestern province of piedmont , demand for the fungi has spawned a cottage industry of
package tours , food festivals and a strip mall of truffle-themed shops . ”

Predictions (Top10 in descending order of classification scores)

Man : united states of america, pennsylvania, france, lombardy, abruzzo, jamaica, piedmont, ivrea, massachusetts, iraq
Optim : cuneo, piedmont, italy, sicily, lazio, texas, campania, northern_italy, scotland, calabria
Man + Supp : sicily, italy, massachusetts, lazio, piedmont, united states of america, abruzzo, tuscany, iraq, milan

Optim + Supp : piedmont, cuneo, italy, northern_italy, canale, tuscany, campania, sicily, lazio, calabria

Figure 7: Example of the link prediction with TAGREAL on FB60K-NYT10. Man denotes manual prompt.
Optim denotes optimized prompt ensemble. Supp denotes support information. The ground truth tail entity ,

helpful information and optimized prompts (darker for higher weights) are highlighted.

Observation :
Support information helps, but is not as
essential as optimized prompts.
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Conclusion & Thoughts



Conclusion

e We proposed a novel framework that combines
quality prompt generation and support

information retrieval, to exploit implicit @ - s located in [VASK] )

knowledge in PLM for the knowledge graph Human effor

Triple Query: ( , contained_by, ?)

. Q Canada
completion task.
] PLM
e Experimental results show that our method could Promptmining (%) Michigan (phew... not sure though.) ~
perform much better than previous non-PLM-
. L. Detroit is the largest city in the U b state of
based methods especially when the training data @ | Q {“"’” skt i b ]
iS llmlted Suppc::tlr?efs;r;‘!atlon m Michigan (I'm pretty sure!!!)
G Knowledge Graph

e We demonstrated that the prompts generated by
our approach are better than the human- R | _ADD
designed ones. The support information retrieval
could also boost performance.




Thoughts I

PLM-based KGC task Conventional Slot Filling task*
Triple Query: (Detroit, contained_by, ?) Triple Query: (Detroit, contained_by, ?)
= quality pattern as prompt? Yes! quality pattern
prompt e pattern 1
pattern mining

W techniques

is pre-trained on . I
PLM [~ @ — - - — — — — — — | Corpus l—-
(data source) - ' J

29



Thoughts

PLM-based KGC task Conventional Slot Filling task* ) We believe this IS the Seed Work brldglng the gap
Triple Query: (Detroit, contained_by, ?) Triple Query: (Detroit, contained_by, ?) b etwe en tl’ a ditl on al t eXt / p att ern minln g an d
quality pattern as prompt? Yes! ; quality pattern contemporary prompt mining methods.
prompt (= == = e e = pattern

pattern mining

fechniques e This work is a step forward in our understanding
of how text mining methods could provide a new

Corpus
avenue to analyze the workings of pre-trained

Michigan Michigan language models.

is pre-trained on

(data source)

Thanks for your attention! Our code is available on:

https:/ / github.com / pat-jj/ TagReal
Further questions?

- Email me (Pengcheng (Patrick) Jiang)
at pj20@illinois.edu
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