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Encoder-based Knowledge Graph

Completion with Few-Shot Capability

* Problems: Encoder-Based KGCs Require Fine-Tuning and Decoder-Based KGCs are Slow
* Solution: Propose an Encoder-Based KGC using Embedding Vectors of a Decoder Model
* Findings: Outperforms SImMKGC in a Relationally Inductive Setting and Agrees with LAMA

Background: What is a KG and KGC?

Wolf Preys-on IS\‘Bambi

What is a Knowledge Graph (KG)?
e Stores Relations Between Entities

Step 1: Encode

Taill Entities, e, |This sentence: “Mammal” means in one word:

Method: DEcoder Embedding-Based Relational KGC

Nara Deer Antler
‘«found-irlk—has-a—»‘ Use PromptEOL [1] as the Encoders f,; and f;

Mammal - Warm-blooded animal QELRStVAZclailelgs
This sentence: “{word}” means in one word: “{one word}”

@(Deer, IS, ?)-Query

—~ Step 2: Encode
\ 4
DEER (KGC)/ Query (Prompt .)r

* Relations Expressed as a Triplet: Tail Encoder \S7=/f, | Tail-Entity QUeErY, e,
. (head entity, relation type, tail entity) Ses (b, QueryEncoding [ ey ]| Seoret mucmTrm
» E.g., (BERT, used-for, classification) m Encoders  Tail-Entity Encodings Prompt /g
Mammal || "gor” |7 € (lie, is, mislead)
What is KG Completion (KGC)? o |o{Er—[ e > 03 | (Pray, from, prayer)
» Predicts Missing Relations in a KG L ' ldeeris, T
* Input: (head entity, relation type, ?) = (if/ g ot ' \W Few-shots
« Output: tail entity [In Rank Format) i Step 3: Cosine
Query KGC Model  Tail-Entites Encoding ™~ ! D Similarity, ¢(eg, e;)
(Deer, has-a, ?) —|n— @ —Qut— Antler l: Mot Token Logits oo ord\ PromptEOL [1]
PrompteOL | " Language Model Head ] + Summarizes in
Text-Based KGC Falls into: Encoder | e e (E2=2—— =) | One Word
1. Encoder-Based: Dense Retrieval Like ) ¢ » Uses Last
Consists of: Causal LLM Hidden Vector
1. Query Encoder, f;  (Deer, has-a, ?)E>/ .| Prompt @m( 7 j(oéem—oﬁ) Esminedding
2. Tail Entity Encoder, f; Antler > _~ R_lemplate , /) Vector
3. Similarity Function, ¢ (/, _~) D4~ Tail Entity m Fish ) ons 2034, Sesting sentoncs embecidinge with Loge longuags medel

2. Decoder-Based: Text-Generation Like

KGCs are also used for Knowledge Probing

* Aim: Evaluate Factual Knowledge Retrieval
Capability of LLMs

Problems: Prior Methods

KG Completion Issues
Pros 1é& Cons 1@

Enc-Based KGC  Fast Requires Training Data
Dec-Based KGC Few-Shot Slow Inference

No KGC with Encoder-Based Efficiency
and In-Context Learning Capability

Knowledge Probing Issues
Scores Pros i1 Cons 1@

LAMA Single Token Logits Hit@k Single-Token
KAMEL String Match Multi-Token Hit@1
BEAR Multi Token Logits Hit@k and Multi-Token  O(Q X T)

Results and Conclusion

Exp 1: KG Completion

Transductive Relationally Inductive

WN18RR Results Hit@1 Hit@10 Hit@1 Hit@10
SIMKGC (Fine-Tuned Baseline) 59% 80% 0.77% 12.8%
DEER-30B (Ours) 1.9% 29% 1.31% 24.2%

Exp 2: Knowledge Probing

Does it Align with an Existing Knowledge Probe?

auery LAMA Correlation between | LAMA vs DEER, OPT-6.7B, Log(Rank)
QI eer, 5, 7)) LAMA and DEER | -
fq Pr}mpt o | Query (LOg Scale) _ °
Query EOL Template Y
Engding \T/ PLM r &CU 61
€, =
II;)ec_odte_r l LAMA OPT'1 25M 0373 O,
rojection Scores ~
Laﬂ Language Model Ne)lii(:);(i)tten OPT'35OM 061 2 ﬁ @
Head w  |e_-9O
— | Mammle >G-?—__Ir“:|;:” OPT'1 SB 0726 Q2 ! !
ETta}ti! ] Bi_rd >[02 -~ 2nd OPT-6.7B 0.806 . DS R
oo .o | OPT-30B 0.763 I

- > (03> nth LAMA, Log(Rank)

Conclusion
* Exp 1: DEER outperforms a Fine-Tuned KGC Baseline
In Relationally Inductive Setting of WN18RR
* Exp 2: DEER can be used for Knowledge Probing
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