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Task: Knowledge Graph Completion (KGC)

head/subject entity relation tail/object entity

Model

Triple Query: (England, contains, ?)

1. London
2. Suffolk
3. Sunderland
4. Pontefract
…

Rule-based*
Embedding-based

Graph-based path-finding
Pre-trained language model-based

* We do not include rule-based methods in the discussion as their performance is no longer comparable to other methods.
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Early Stage: Knowledge Graph Embedding (KGE) models

(1) Translation-based models:  TransE (Bordes et al., 2013), RotatE (Sun et al., 2019), …
(2) Tensor-factorization based models:  TuckER (BalaževiÅLc et al., 2019), HolE (Nickel et al., 2016), …
(3) Non-linear models:   ConvE (Dettmers et al., 2018),  ConvKB (Nguyen et al., 2017), …
(4) KGE with additional information:  DKRL (Xie et al., 2016), KR-EAR (Lin et al., 2016), …

Background & Motivation

A well-known example (based on TransE):

Mapping entities & relations into vector space Define score functions as loss functions

(After training)
king + female ≈ queen
man + royal ≈ king
…

1. Need a huge amount of data for training
2. Not use the rich text corpus behind the KG

Limitations
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Background & Motivation
Graph-based path-finding method

CPL* framework:

* 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.

(Complete the knowledge graph by finding an evidential path)

Limitations

Extracted set of facts is noisy and constricted
→ insufficient information to efficiently update the KG
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Background & Motivation
Pre-trained Language Model-based Methods 

* Petroni, Fabio, et al. "Language Models as Knowledge Bases?." 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.

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

Knowledge Probing with BERT-Large
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Background & Motivation
Pre-trained Language Model-based Methods 

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

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

Limitations

PLM is trained with a self-defined 
data type (sliced triple) s.t. the 
implicit knowledge in it could not 
be well exploited.

Worse performance than KGE methods
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Background & Motivation
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

* Lv, Xin, et al. "Do pre-trained models benefit knowledge graph completion? a reliable evaluation and a reasonable approach." Association for Computational 
Linguistics (ACL), 2022.

Limitations

1. Human-powered prompt 
design is very costly.

2. The designed prompts may lead 
to suboptimal performance.

3. Support information is not pre-
defined in most datasets
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Background & Motivation
How can we generate quality prompt automatically?

PLM Corpus

Triple Query: (Detroit, contained_by, ?)

prompt

Michigan

PLM-based KGC task Conventional Slot Filling task*

Triple Query: (Detroit, contained_by, ?)

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

pattern

Michigan

pattern mining 
techniques

quality pattern
How to create 

quality prompt?
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Background & Motivation
How can we generate quality prompt automatically?

PLM Corpus

Triple Query: (Detroit, contained_by, ?)

prompt

Michigan

PLM-based KGC task Conventional Slot Filling task*

Triple Query: (Detroit, contained_by, ?)

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

pattern

Michigan

pattern mining 
techniques

quality patternquality pattern as prompt?

is pre-trained on 

(data source)
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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.
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Methodology – TagReal

Prompt Generation Process
<latexit sha1_base64="KpbSjike/kKLTB7TSVNa0w40hLg="></latexit>

given a KG with a relation set R = (r1, r2, ..., rk), we first extract tuples Tri

paired by head entities and tail entities for each relation ri 2 R from the KG.
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Methodology – TagReal

Prompt Generation Process
<latexit sha1_base64="QPd94P6Sp7mUNx2gphd6JIaKTfs="></latexit>

we then search sentences stj containing both head
and tail in a large corpus, to compose the sub-corpus Cri
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Methodology – TagReal
Prompt Generation Process

<latexit sha1_base64="tZT7utumUdMeCJOW7nHPoHoTN7I="></latexit>

We use AutoPhrase to segment
corpora into more natural and
unambiguous semantic phrases

<latexit sha1_base64="VsV5DZPspoKnHeJv0/UDPekk/eA="></latexit>

and use FP-Growth algorithm
to mine frequent appeared
patterns to compose a candidate
set P 0

ri = (p
0

1, p
0

2, ..., p
0

m).

(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.



17

Methodology – TagReal
Prompt Generation Process

<latexit sha1_base64="p2+jjOGGzBor1QOyFuCmzt4mMo8="></latexit>

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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Methodology – TagReal
Prompt Generation Process

* Jiang, Zhengbao, et al. "How can we know what language models know?." Transactions of the Association for Computational Linguistics 8 (2020): 423-438.

<latexit sha1_base64="J3n7m5slC6scdi42NTLDp6Qi5ng="></latexit>

We use PLM-based approach* to optimize the
ensemble, as some prompts in the ensemble are
more reliable and ought to be weighted more
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Methodology – TagReal
The prompt selection is the most essential module in the prompt generation process.

Why it works?

MetaPAD

Metrics

(1) Frequency
(2) Concordance
(3) Informativeness
(4) Completeness
(5) Coverage

<latexit sha1_base64="Tfb0Gcn5oAa0o3rsOtdZH5rVvzo="></latexit>

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.

<latexit sha1_base64="E5yAtjBHiHK7zZKRubrX0zjCK6o="></latexit>

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.

<latexit sha1_base64="/hNs+b2uvYZLrI8AaWvZael0Mv8="></latexit>

A pattern with low informativeness (e.g., p
0

1) has the weak ability of PLM
knowledge probing, as the relation between the subject or object entities cannot
be well interpreted by it.

<latexit sha1_base64="wqvz6JiSaI8qy0p8LK5vZwMhuNs="></latexit>

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

0

m�2)

<latexit sha1_base64="qZ3IqWLgDvtlkkG7ofvTVCRQFl0="></latexit>

A quality pattern should be able to probe accurate facts from PLM as many
as possible. Therefore, patterns like p

0

4 which only suit a few or only one case
should have a low quality score.
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Methodology – TagReal
The prompt selection is the most essential module in the prompt generation process.

Why it works?

TruePIE

<latexit sha1_base64="SpJXMM1MWwFCShnRJmLCennz8uU="></latexit>

TruePIE filters the prompts that have low cosine similarity with the positive
samples (e.g., p

0

3 and p
0

m�1 are filtered), which matters to the creation of prompt
ensemble since we want the prompts in the ensemble to be semantically close filtered



Select the top-ranked 
sentence in length restriction

For each triple, we search 
relevant sentences in corpus

Attach the support texts 
to the prompts

(At the training phase, [MASK] 
is filled by object entity and 
[CLS] is filled by label)
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Methodology – TagReal
Support Information Retrieval

𝒟

𝒯
𝒯!"#$

𝒯%&'$

𝒯 = 𝐾 ' 𝒯$  

𝒯!"#
$

𝒯%&'
$ = )

*$)
 

(Negative Sampling)

𝒯!"#$ : generated by randomly replacing the head or 
tail entity of the triple in 𝒯 with other entity.

𝒯%&'$ : generated by replacing the head or tail entity 
with another entity that KGE model considers to 
have a high probability of holding
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Experiments
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Experiment – Settings

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

Dataset: 
FB60K-NYT10 & UMLS-PubMed
(KG with the associated corpus)

Metrics:
Hits@N, Mean Reciprocal Rank (MRR)
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Experiment – Baseline Comparison on KG Completion

Observation 1: 
Non-PLM-based models suffer 
from training data dropping.

Reasons:
(1) KGE methods need very 

dense data to be trained well.
(2) Path finding-based methods 

like CPL are unable to 
recognize the underlying 
patterns with insufficient 
evidential and general paths.

Observation 2: 
TagReal significantly outperforms 
the SOTA PLM-based method.
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Experiment – Ablation Study

Observation 1: 
Support information retrieval helps, especially 
on the FB60K-NYT10 dataset. 

Observation 2: 
The ensemble of mined prompts can already 
outperform human-designed prompts.

Observation 3: 
Weighted ensemble through PLM-based 
prompt optimization helps boost performance.

Observation 4: 
The choice of PLM is important, especially for 
domain-specific datasets.
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Experiment – Case Study

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

● We proposed a novel framework that combines 
quality prompt generation and support 
information retrieval, to exploit implicit 
knowledge in PLM for the knowledge graph 
completion task. 

● Experimental results show that our method could 
perform much better than previous non-PLM-
based methods especially when the training data 
is limited. 

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

PLM Corpus

Triple Query: (Detroit, contained_by, ?)

prompt

Michigan

PLM-based KGC task Conventional Slot Filling task*

Triple Query: (Detroit, contained_by, ?)

pattern

Michigan

pattern mining 
techniques

quality patternquality pattern as prompt? Yes!

is pre-trained on 

(data source)
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Thoughts

● We believe this is the seed work bridging the gap 
between traditional text/pattern mining and 
contemporary prompt mining methods. 

● This work is a step forward in our understanding 
of how text mining methods could provide a new 
avenue to analyze the workings of pre-trained 
language models.

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


