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Abstract

Transformer-based language models have revolutionized Natural Language Processing tasks, with advancements
in language modeling techniques. Current transformer architectures utilize attention mechanisms to model text
dependencies effectively. Studies have shown that these models embed syntactic structures and knowledge, explaining
their performance in tasks involving syntactic and semantic elements. However, transformer-based models are prone
to hallucination where incorporated knowledge is not utilized effectively. To address this, methods are emerging to
mitigate hallucination and integrate external knowledge sources like knowledge graphs (e.g., Freebase, WordNet,
ConceptNet, ATOMIC). Knowledge graphs represent real-world knowledge through entities and relationships offering
a potential injection point to enhance model performance in inference tasks. Various injection approaches, including
input, architectural, and output injections, aim to incorporate knowledge from graphs into transformer models. Input
injections modify data preprocessing, architectural injections add layers for knowledge integration, and output injections
adjust error functions to correct knowledge incorporation during training. Despite ongoing research, a universal solution
to hallucination remains elusive, and a standardized benchmark for comparing injection methods is lacking. This study
investigates knowledge graphs as one of the methods to mitigate hallucination and their possible integration into Large
Language Models. Comparative experiments across General Language Understanding Evaluation benchmark tasks
demonstrated that ERNIE 3.0 and XLNet outperform other injection methods with the average scores of 91.1 % and
90.1 %.
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AHHOTAIUA

TpanchopmepHbIe sI3bIKOBBIC MOJEIN peBomonronnsuposanu Natural Language Processing 3anaun Gnarogaps
JOCTHKEHHSIM B METOZIaX MOJICIIUPOBAHUS sI3bIKa. TeKyIlre apXUTEKTypbl TPaHC(HOPMEPOB HCIIOIB3YIOT MEXaHH3MBI
BHUMAaHUSA JUId 3(PEKTUBHOTO MOACIMPOBAHUS TEKCTOBBIX 3aBHcUMOcTell. VcciienoBaHus MOKa3aly, 4TO 3TH
MOJIENIM BCTPAUBAIOT CHHTAKCUYECKHE CTPYKTYPBI U 3HAHUSA, 00BACHAA X Y(PPEKTHBHOCTD B 33/1a4aX, CBA3AHHBIX C
CHHTaKCHYECKUMU U CEMaHTHYECKUMHU eMenTamMu. OHaKo TpaHC(HOPMATOPHBIE MOJIEN CKIOHHBI K TaJUTIOIMHALINSM,
KOTJ]a BCTPOCHHBIC 3HAHUS HE MCHONB3yIoTCa dddexrtuBHO. s pemenns 3Toi MpoOaeMbl TOSBISIOTCS METO/BI,
HaIpaBJICHHBIC HAa CHIDKCHHE TaJUTIOIMHAIINN ¥ HHTETPAIMIO BHEITHUX MCTOYHUKOB 3HAHUH, TAaKUX Kak rpadbl 3HAHHUI
(manpumep, Freebase, WordNet, ConceptNet, ATOMIC). I'padsr 3HaHUIT IPEACTABIAIOT peaabHble 3HAHUS Yepe3
CYILHOCTH M OTHOLIEHUSL, IPeAsIaras IOTCHINAIbHYI0 TOUKY BHEIPCHUS 1JIs OBBIICHUS IPOM3BOIUTEIBHOCTU MOAENU
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N.I. Kulin, S.B. Muravyov

B 3aJ]a4aX BbIBOJIA. Pa3nuyHble MOAX0/1bl K BHEAPEHUSIM, BKIIIOUAsi BHEJAPEHHSI BXOIHBIX M BHIXOJAHBIX JAHHBIX, & TAKIKE
ApXUTEKTYpHbIE, HAPABJICHBI Ha BKIIIOYCHUE 3HAHUW 13 rpadoB B TpaHcopMepHbie Monenn. BHeIpeH s BXOIHBIX
JAHHBIX MOIU(UIHMPYIOT PEIBAPUTEIbHYI0 00pabOTKy AaHHBIX, apXUTEKTYPHbIE 100ABISIOT CJIOH Ul HHTErpaluu
3HAHWIA, @ BHEAPCHNUS BBIXOAHBIX TAHHBIX KOPPEKTUPYIOT (QYHKIUU OMIMOOK IS MPABUIBHOTO BKIIOYECHUS 3HAHUH BO
BpeMst o0yueHns. HecMOTps Ha IPOIOIIKAIOIIMECS UCCIIEIOBAHMS, YHUBEPCATFHOE PEIICHHE IPOOIEMBI TaJUTIOIIMHAIINI
W CTaHAAPTH3UPOBAaHHBINA OEHUMAPK JIJIs CPABHEHHUS METOJIOB BHEIPEHNS 3HAHUI OTCYTCTBYIOT. B TaHHOM Hcciie1oBaHHT
paccMmarpuBaroTcs rpadbl 3HAHUN KaK OJMH U3 METOAOB PEHICHHS TaJUTIONUHAIMN U UX BO3MOXKHAS WHTETPAIHs
B OoJbinue s3bIKOBBIC Mozienu. CpaBHUTENbHBIC KCIepUMEHTHI Ha OeHuMapke General Language Understanding
Evaluation nmoka3anu, yto ERNIE 3.0 u XLNet npeBocXoasT Apyrue METOIbl BHEAPECHHUS CO CPSIHUMHU OIEHKAMHU

91,1 % 1 90,1 %.

KnroueBble ciioBa

LLM, rpadsl 3HaHUIi, METOABI BHEAPEHUS 3HAHUIA, TpodiemMa raumrounnarmii, BERT
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Introduction

Recently, the use of language models of transformer
architecture [1] has greatly improved the quality of solving
a huge range of Natural Language Processing (NLP) tasks.
The key difference that has determined the success of
transformers such as Bidirectional Encoder Representations
from Transformers (BERT) [2] or XLNet [3] is the use
of self-attention mechanisms. Self-attention helps to
efficiently construct dependencies between words in the
text, can be parallelized by computing attention for an
individual token, and considers all tokens of the same text
sequence under consideration, unlike previous RNN-based
architectures.

Subsequently, it has been shown that transformational
models have hallucination problems, which means
generating text with false-semantic or false-factual
assertions. One solution to this problem is to embed
information from external sources into transformers.
A promising approach is knowledge graph integration
which is a data graph with nodes representing entities of
interest and edges representing relationships between those
entities. Among such knowledge graphs are ATOMIC,
ConceptNet, or WordNet.

To date, there is no universal approach to implementing
information through knowledge graphs. Among current
solutions, three implementation options stand out: input
injection, architectural injection, and output injection.
Moreover, there are no unified benchmarks for comparing
the effectiveness of knowledge injection approaches, and
accordingly, no comparison of current frameworks has
been made.

The objective of this study was to investigate potential
methods with knowledge graph integration in order to
advance the development of the subject area. This involved
examining existing solutions, their technical attributes,
and the underlying methods. Following this analysis,
a comparative experiment was performed to assess the
performance of the selected methods across various
benchmark tasks.

Methods

This section discusses four types of knowledge
injection with knowledge graphs: input, architecture,

output, and hybrid. Input injection involves converting
knowledge graph assertions into words and structuring
input data to include semantic information from triplets
in the knowledge graph. Architecture injections focus
on architectural changes. Output injections change the
output structure (layer or loss function) used in the
language model in some way to incorporate knowledge.
Hybrid injections include a combination of knowledge
injection methods.

Some methods have been discussed in this scientific
study [4]. Over time, these approaches have been
refined and new ones have emerged, which motivates
the construction of an experiment to compare their
effectiveness. To begin, we will briefly discuss these
methods. As an input injection method we focus on Align,
Mask and Select (AMS) one [5]. AMS is a simple approach
for incorporating knowledge into language models. This
method involves creating a dataset by aligning a knowledge
graph with plain text to generate questions and possible
answers. The dataset is then used to pre-train a neural
language representation model, such as BERT, to enhance
its knowledge. AMS includes the following three steps.
The knowledge graph is aligned with plain text, such
as sentences from English Wikipedia. This alignment
involves matching concepts from the knowledge graph with
corresponding concepts in the plain text. Then, one concept
from the aligned text is masked with a special token. This
masked concept is used to generate plausible answers by
considering neighboring concepts in the knowledge graph
with the same masked token and relationship.

As an architecture injection, we discuss two approaches:
OM-ADAPT [6] and KnowBERT [7]. OM-ADAPT reflects
the impact of fine-tuning a BERT version equipped with
adapters [8] on ConceptNet to incorporate knowledge [4].
By training models on sentences from the Open Mind
Common Sense [9] corpus and traversing the ConceptNet
graph, the researchers enhanced the encoded “World
Knowledge” by using simple adapters and a small number
of update steps on training sentences [4].

KnowBERT, developed as an enhancement to BERT,
incorporates Knowledge Attention and Recontextualization
(KAR) layers that utilize graph entity embeddings
generated through Tucker Tensor Decompositions for
knowledge graph completion [4, 10]. The KAR layers
process embeddings through an attention mechanism to
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create entity span embeddings which are added to BERT
existing contextual representations [4]. This approach
injects knowledge in later layers to promote training
stability, though it could potentially overlook important
knowledge due to the unfreezing of the BERT model after
training the entity linker.

As an output injection method, we focus on
SemBERT [11]. It utilizes a subsystem that generates
embedding representations of the output of a semantic role
labeling system. This representation is then combined with
the contextualized representation from BERT to integrate
relational knowledge [4].

As hybrid injection methods, we focus on various
approaches, such as LIBERT [12], BERT-MK [13],
K-BERT [14], KG-BERT [15], K-Adapter [16], ERNIE
3.0 [17], and XLNet [18].

LIBERT [12] processes batches of lexical constraints
including synonyms and hyponyms/hypernyms represented
as word tuples and negative examples to fit the BERT
format for applications in natural language processing.
The formatted input is then processed through BERT, with
the [CLS] token serving as input for a softmax classifier to
determine lexical relation validity.

BERT-MK [13] includes KG-transformer modules that
merge transformer layers with entity representations learned
from separate transformer layers trained on a KG converted
into natural language sentences [4]. Additional layers
incorporate an attention mask to replicate KG connections
and integrate graph structure into embeddings [4].

K-BERT [14] inserts relevant triples for entities in a
sentence and a knowledge graph (KG) with soft-position
embeddings for ordering [4]. A masked self-attention
mechanism similar to BERT-MK focuses on incorporating
essential knowledge.

KG-BERT [15] fine-tunes the BERT model using
text from KG triples for KG triple completion, binary
classification for predicting triple authenticity, and multi-
class classification for relationship type prediction.

K-Adapter [16] incorporates projection layers before
and after specific transformer layers within a pre-trained
RoBERTa model [4]. K-adapter utilizes the following
external knowledge: factual knowledge from Wikipedia
triples and linguistic knowledge from Stanford outputs [4].

ERNIE 3.0 [17] is a large-scale knowledge-enhanced
pre-training model for language understanding and
generation, part of a unified framework combining auto-
regressive network and auto-encoding for customization
in natural language tasks.

XLNet [18] is combined with a Graph Convolutional
Network (GCN) for the consolidation of graph knowledge
and contextual information, not for origin knowledge
injection [4]. The researchers have incorporated XLNet
embeddings into GCN to handle answering questions [4].
They extract relevant subgraphs from ConceptNet and
Wikipedia, which contain relations among entities in a
question-answer setup taken from ConceptNet, along with
the top 10 most pertinent sentences from Wikipedia data
through ElasticSearch [4].

The methods considered utilize different types of
injections, and they were evaluated on different benchmarks
and metrics in their articles and have not been previously

compared with each other. In order to determine the most
effective approach and most promised type of injection, we
need to conduct our own experimentation.

Comparative evaluation of methods

We first briefly describe and discuss the experimental
setup and comparison results.

Experimental Setup

In the current investigation, an uncased BERT-base
model, composed of 12 transformer layers with 12 attention
heads each, was employed to use knowledge injection
techniques. The source knowledge graphs were procured
for every knowledge injection method used.

These knowledge injection methodologies were
evaluated using the tasks from the evaluation benchmark,
commonly known as General Language Understanding
Evaluation (GLUE) [19]. GLUE is a collection of datasets
routinely used for training, evaluation, and comparative
analysis of NLP models. The overarching goal is to propel
progress in creating comprehensive and robust natural
language understanding systems. The benchmark includes
diverse and challenging task datasets that specifically
assess a model competency in language comprehension.
For our experiment, the following tasks were chosen:
CoLA, SST-2, MRPC, STS-B, QQP, MNLI, QNLI and
RTE.

Experimental results

Table provides a comparative performance analysis
of various knowledge injection methods on the GLUE
benchmark tasks. The experiment implemented a range
of injection methods, both hybrid and non-hybrid: Input
injection methods, such as AMS and COMET; Architectural
injection methods like KnowBERT and OM-ADAPT;
Output injection method namely SemBERT; Hybrid
injection methods including LIBERT, BERT-MK, K-BERT,
KG-BERT, K-Adapter, ERNIE 3.0, and XLNet. The
foundational model adopted for the basis of comparison
was the origin BERT-base.

In terms of performance, ERNIE 3.0 surpasses
other methods by registering an average improvement
of 12.05 %, thus showcasing the efficacy of combining
input and output injections. ERNIE 3.0 excels in nearly
all GLUE tasks, the only exception being QQP (Question
Paraphrases), where KnowBERT outperforms ERNIE 3.0
by a margin of 21.14 %. XLNet emerges as the second-
best performer, delivering promising results on average.
Interestingly, methods employing non-hybrid injections
(Align-Mask-Select, SemBERT, KnowBERT) are more
effective than some that utilize hybrid injections, such as
LIBERT and K-BERT. Methods producing lower average
scores in relation to the origin BERT-base include OM-
ADAPT, SemBERT, and KG-BERT.

Discussion

Experimental results delineate the efficacy of various
knowledge injection methods in addressing the issue of
hallucination. The results demonstrated that ERNIE 3.0
and XLNet, which are hybrid combination approaches,
outperform others in the evaluation using GLUE
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Table. Comparing Knowledge Injection Methods for GLUE tasks

K“°W1§jeg§ul)gje°ti°“ Knowledge Sources Asvsgjfe MII‘LLL MnljnLlL QQP | QNLI | SST-2 | CoLA | STS-B | MRPC | RTE
BERT-base — 81.3 84.6 | 829 | 889 | 90.5 | 935 | 52.1 | 85.8 | 889 | 66.4
Align, Mask, Select | ConceptNet 82.1 84.7 83.9 | 72.1 | 91.2 | 93.6 | 543 86.4 | 859 | 695
KnowBERT Wikipedia, WordNet 83.8 85.7 | 843 | 903 | 915 | 93.6 | 54.6 | 89.1 | 83.2 | 73.8
OM-ADAPT (50K) | OMCS 75.5 842 | 835 [71.6| 90.6 | 939 | 49.8 | 858 | 88.9 | 69.7
OM-ADAPT (100K) | OMCS 74.6 839 | 828 | 71.5| 90.8 | 92.8 | 48.8 | 85.7 87.1 | 64.1
SemBERT Semantic Role Labeling| 80.9 844 | 84.0 | 71.8 | 90.9 93.5 | 57.8 873 | 88.2 | 69.3
of Pre-Training data
LIBERT Wordnet, Roget’s 74.3 79.8 78.8 | 69.3 | 87.2 | 90.8 353 82.6 86.6 | 63.6
Thesaurus
BERT-MK Unified Medical 83.0 88.5 | 87.6 | 74.1 | 912 | 932 | 634 | 884 | 89.1 | 73.2
Language System
K-BERT TBD 76.1 82.8 | 814 | 702 | 904 | 925 | 482 | 827 | 86.9 | 69.2
KG-BERT ConceptNet 80.1 852 | 83.7 | 714 | 913 | 93.6 | 558 83 88.5 | 69.1
K-Adapter Wikipedia 82.2 84.1 833 | 71.3 | 91.1 93.4 52.1 87.1 85.2 | 70.1
ERNIE 3.0 Wikipedia, Reddit 91.1 923 | 91.7 | 752 | 973 | 97.8 | 755 | 93.0 | 939 | 92,6
XLNet Wikipedia, ConceptNet 90.1 909 | 909 | 747 | 90.5 | 97.1 | 702 | 93.0 | 929 | 885

benchmark tasks, thereby substantiating the ongoing
exploration of these selected methods and their possible
modifications.

The results demonstrate that non-hybrid approaches
are generally outperformed by hybrid combinations.
However, some hybrid methods, such as LIBERT and
K-BERT, are found to be less effective than non-hybrid
methods, implying certain limitations in the compatibility
of injections with each other.

Notably, the experiment revealed that approaches
employing knowledge graphs are capable of structuring
knowledge within language models and assisting in solving
NLP tasks. Among knowledge graphs, WordNet and
ConceptNet have established their potential as the tools for
knowledge enrichment within language models, providing
motivation to incorporate other knowledge graphs, such as
ATOMIC and Freebase, in the injection methods mentioned
in the beginning of this section.
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