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Abstract: The commonly-used large-scale knowledge bases have been facing challenges in open1

domain question answering tasks which are caused by the loose knowledge association and2

weak structural logic of triplet-based knowledge. To find a way out of this dilemma, this work3

proposes a novel metaknowledge enhanced approach for open domain question answering. We4

design an automatic approach to extract metaknowledge and build metaknowledge network5

from Wiki documents. For the purpose of representing the directional weighted graph with6

hierarchical and semantic features, we present an original graph encoder GE4MK to model the7

metaknowledge network. Then a metaknowledge enhanced graph reasoning model MEGr-Net is8

proposed for question answering, which aggregates both relational and neighboring interactions9

comparing with R-GCN and GAT. Experiments have proved the improvement of metaknowledge10

over main-stream triplet-based knowledge. We have found that the graph reasoning models11

and pre-trained language models also have influences on the metaknowledge enhanced question12

answering approaches.13

Keywords: metaknowledge; graph modeling; question answering; graph neural networks; knowl-14

edge graph; knowledge graph15

0. Introduction16

Open domain Question Answering (QA) is a type of language tasks, which asks17

models to answer the factoid questions described in natural language. Recently, large-18

scale Knowledge Bases (KBs), such as DBpedia[1], FreeBase[2], and YAGO[3], have19

proven to be effectively applied on the open domain QA tasks. While the idea of this20

kind of triplet-based knowledge is an adaptive variation of complex network, which21

inherits its long-tail effect in the QA tasks due to triplets’ sparsity and lack of logical22

association[4].23

Obviously, the simplified triplet-based knowledge is not exactly as same as the24

knowledge in human beings’ perception. Knowledge in human minds is a complex25

of hierarchical, structured, and systematized elements which has strongly logical or26

topological associations, especially presented in structure or sequence, while the very27

knowledge that exists in commonly-used knowledge bases is simplified presented as28

entity-relation triplets.29

When most of existing works focus on triplet-based KBs, more general denition30

about KBs and a various usages of KBs such as conceptual graph[5] and event evolu-31
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tionary graph[6] have been proposed to improve the QA approaches and other tasks’32

performance from different perspective.33

However, just like the taxonomy construction manufactured within the conceptual34

graph, the content of the documents and webs was hopefully to be explicitly represented35

through metadata in order to enable contents-guided search and other downstream tasks.36

But the knowledge in the real world could hardly be strictly partitioned into the hand-37

craft-built or evolutional taxonomy[5] with accurate levels and divisions hierarchically.38

Since the taxonomy construction is tough, cumbersome and new knowledge always39

led to new partitioning and reconstruction problems, it is intuitively vital to consider40

another flexible presentation for the hierarchical knowledge.41

To match human’s natural intuition of knowledge, different from the strictly de-42

signed and partitioned conceptual graph, our previous work[7] introduces the concept43

of metaknowledge[8] into knowledge engineering research. Similar to the metadata,44

metaknowledge is a kind of graph data. It is structural representation of knowledge and45

knowledge with fine-grained and hierarchical characteristics, but the knowledge triplets46

are weighted directional in hierarchy based on the structured information given by the47

original sources.48

Firmly based on the open domain QA task, in this work, we have: (1) designed49

an automatic approach for generating metaknowledge and building metaknowledge50

network from Wiki documents; (2) proposed an original graph encoder GE4MK for51

modeling the metaknowledge (network) to the weighted directional graph with hier-52

archical and semantic features; (3) presented a graph reasoning model MEGr-Net for53

metaknowledge enhanced open domain QA; (4) carried out experiments for verify-54

ing the improvement of our metaknowledge-based open domain QA approach with55

triplet-based approaches.56

1. Related Work57

• Knowledge Base Question Answering (KBQA)58

The goal of KBQA is to use large-scale knowledge bases to answer questions59

described in natural language (natural questions), and the primary task is to understand60

and extract the actual semantic connotation from natural questions, then retrieve entities61

or relations in knowledge bases as the answers. Presently, there are two pipelines in62

KBQA: the Semantic-Parsing-based (SP-based) pipeline and the Information-Retrieval-63

based (IR-based) pipeline[4,9]. The early-days SP-based approaches mainly rely on hand-64

craft-established rules[10] and supervised learning[11]. Recently, The convolutional65

neural network[12], attention mechanism[13], graph2seq model[14], and reinforcement-66

learning-based approaches[15,16] are also used in SP-based KBQA.67

With the rapid development of knowledge representation learning, the IR-based ap-68

proaches have now become the mainstream in KBQA[17–20]. These approaches extract69

information from questions, retrieve the information in knowledge bases (knowledge70

graphs), and then use graph reasoning models to decide which entities or relations71

are the answers. Basically, the steps of the IR-based approaches are: (1) Getting the72

seed entities from the given natural question, retrieving seed entities in the knowledge73

base and then building question subgraph, in which the entities and relations are all74

the semantically associated with the seed entities. (2) Representing the given question75

with question encoder, which analyzes semantic features in the question and outputs a76

commanding vector (question embedding) for reasoning. (3) Reasoning with embedding77

of the given question and the question subgraph got in step (1) and (2), then getting78

the probability whether it is the answer for each entity in the question subgraph. (4)79

Ranking the probability sequence and deciding the most-likely answer entity.80

Meanwhile, it has been quite unsatisfying when using triplet-based KBs alone in81

complex KBQA tasks like multi-hop question answering, and the problem that triplet-82

based knowledge lacks of structural logicality has become apparent. In order to make83

up for the capacity limitation of the existing KBs, a common practice is to introduce84
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Figure 1. An overview of our approach. There are basically four steps of our approach: (a) generating metaknowledge; (b)
building metaknowledge network; (c) graph modeling and encoding; (d) graph reasoning.

heterogeneous data like documents to enrich the semantic information, which is referred85

to as Document-based Question Answering (DbQA). Ref.[21] proposes a question an-86

swering model combining FreeBase and Wikipedia documents. In order to improve87

the QA effectiveness in the case of insufficient capacity of knowledge base, Ref.[22]88

proposes an early-fusion approach to link the entities of knowledge base with the text in89

the document. In the multi-hop QA task, Ref.[23] carries out multi-grained document90

modeling, constructs hierarchical graph, and demonstrates graph reasoning and answer91

prediction through Machine Reading Comprehension (MRC) method.92

The inspiration of the above works is that, the defects of knowledge base can be93

made up for by improving the semantic parsing ability and introducing heterogeneous94

data represented by documents, with the intention of continuously improving the95

effectiveness of question answering.96

• Graph Neural Networks for Graph Embedding97

The purpose of graph embedding is to represent the nodes, edges or subgraphs of a98

graph as low-dimensional vectors through neural networks. Classical graph embedding99

approaches based on graph representation learning include DeepWalk, node2vec and100

LINE, etc. Recently, Graph Neural Networks (GNNs) have become the new tools for101

graph embedding. Ref.[24] proposes the Graph Convolutional Network (GCN) model102

and applies it to the self-supervised node classification task. On the basis of GCN,103

Ref.[25] models the complex relational data in the knowledge graph and puts forward104

the R-GCN (relational GCN) model, which uses two different parameters matrices for105

vertices and edges (relations). Inspired by the attention mechanism in Transformers [26],106

Ref.[27] proposes the Graph Attention Network (GAT) to comprehensively consider the107

influence of neighboring vertices on graph embedding.108

The approaches for embedding relational graph proposed in R-GCN and the multi-109

heads attention mechanism in GAT provide enlightenment on how to realize the rep-110

resentation of graph data with complex relations and semantic information such as111

metaknowledge and metaknowledge networks.112

2. Approach113

Since the metaknowledge is different from the triplet-based knowledge, this work114

proposes an approach (Figure 1) to make metaknowledge available for question answer-115

ing.116

Essentially, metaknowledge is a special type of hierarchical graph, it generally117

has two different types of vertices and edges: (a) Hierarchical vertices and edges. The118

hierarchical vertices include multiple levels of section titles in documents, denoted as119

VH , and the hierarchical edges represent a special relation hierarchical belonging, denoted120
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Figure 2. An example of metaknowledge extracted from Wiki documents. The number on the arrows indicates the
hierarchical levels of the relations, which are also the weight of edges.

as EH . (b) Semantic vertices and edges, which are actually the entities and relations121

extracted from documents, denoted as VS and ES.122

So the metaknowledge extracted from document i is denoted as:

Mi = {VHi ∪VSi, EHi ∪ ESi}. (1)

Meanwhile,

VL
Hi

EHi−−→ VL−1
Hi , VL

Si
EHi−−→ VL

Hi, vL
Sij

ESi−→ vL
Sik, (2)

where
EHi−−→ VHi denotes the hierarchical belonging relation in the document structure,123

L denotes the hierarchical level of the vertices, vL
Sij, vL

Sik ∈ VL
Si.124

2.1. Generating Metaknowledge125

Giving a question q described in natural language, this work uses Wiki retriever126

proposed in DrQA[21] to get the top 5 relevant Wiki documentsDq = {D1, · · · , D5}. For127

each document Di, we use open source NLP models to extract the entities and relations128

(referred to as metaknowledge semantic elements in this work) in paragraphs.129

In this work, we transform the HTML script of each Wiki document web page130

into hierarchical XML files by parsing the HTML labels, such as <h1>, <h2>, <h3>,131

<div id="toc"...>, <p>, which represent the title, section titles, summary or para-132

graphs (referred to as metaknowledge hierarchical elements in Ref.[7]).133

Suppose Wiki document Di = {Pi, Ci}, where Pi =
{

pi1, pi2, · · · , pi|Pi |

}
denotes134

the paragraphs set in the document Di (|Pi| is the total number of paragraphs); Ci =135 {
ci1, ci2, · · · , ci|Ci |

}
denotes the hierarchical elements, then each paragraph pij(j ∈ |Pi|)136

hierarchically belongs to their upper hierarchical elements cik(k ∈ |Ci|) (e.g. section137

titles). Further, this work extracts entities and relations paragraph by paragraph using138

Stanza[stanza] and OpenNRE[opennre], then link the metaknowledge semantic elements139

to hierarchical elements with document structure (Figure 2).140

Each document metaknowledge is saved as a JSON file converted from Python141

dictionary (denoted as metaknowledge dictionary), its key-value structure is as follow:142

Dict:{143

|-"Entities":{144

| |-"0":{145

| | |-"ENT_ID":’ENT_1’146

| | |-"type":’title’147

| | |-"content":’2001: A Space Odyssey’148

| | |-"weight":-1149

| | |-"title":’2001: A Space Odyssey’150

| | |-"up_ID":’ENT_1’}151

| |- ...152
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| |-"30":{153

| |-"ENT_ID":’ENT_31’154

| |-"type":’PERSON’155

| |-"content":’Stanley Kubrick’156

| |-"weight":2157

| |-"title":’2001: A Space Odyssey’158

| |-"up_ID":’ENT_25’}}159

|160

|-"Relations":{161

|-"0":{162

| |-"REL_ID":’REL_1’163

| |-"head_ID":’ENT_5’164

| |-"tail_ID":’ENT_1’165

| |-"type":’Hierarchical Belongs’166

| |-"weight":-1}167

|- ...168

|-"16":{169

|-"REL_ID":’REL_17’170

|-"head_ID":’ENT_25’171

|-"tail_ID":’ENT_18’172

|-"type":’performer’173

|-"weight":2}}}174

The weights of hierarchical vertices and edges are set as negative, which are the175

opposite number of their level, for instance, weights of the 1st-level hierarchical vertices176

are -1, the 2nd-level vertices are -2. In contrast, the semantic vertices and edges are set as177

positive, which are the exact level of the hierarchical vertices they belong to.178

For different relatively-weighted hierarchical graph.179

The denotations of keys in metaknowledge dictionary are shown in Table 1.180

Table 1. Denotations of keys in metaknowledge dictionary.

Entities Relations

ENT_ID Entity ID
REL_ID Relation ID
type Relation Type

head_ID Head Entity ID
tail_ID Tail Entity ID
weight Relation Weight

type Entity Type
content Entity Textual Content
weight Entity Weight
title Document Title
up_id Upper Hierarchical Entity ID

2.2. Building Metaknowledge Network181

For documents D = {D1, D2, · · · , DN}, the semantic association between Di and182

Dj is denoted as Rij, then the metaknowledge network built on D is denoted as183

N = ∪i,j∈N

{
Mi

Rij←→ Mj

}
. When building metaknowledge network from document184

metaknowledge, to avoid the loss of hierarchy caused by semantic entity fusion, this185

work only establishes semantic association between hierarchical vertices.186

Suppose vH1 ∈ M1, vH2 ∈ M2 are two semantically associated hierarchical vertices187

in document metaknowledge M1 and M2, their textual embedding vectors are:188

embH1 = LM(textvH1 + texttitle1), embH2 = LM(textvH2 + texttitle2). (3)

where LM(·) denotes the pre-trained language models (PLMs), such as BERT[28],189

RoBERTa[29], XLNet[30], etc.190

Then we use cosine similarity to calculate the semantic association between two191

hierarchical vertices:192
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IF cosinesim(embH1, embH2) > tolerance, THEN vH1
rH1H2←−−→ vH2. (4)

To decide the appropriate tolerance threshold, we uses BERT as the PLM. Taking193

"South Africa" as the keyword, this work retrieves 10 relevant Wiki documents using194

Wikipedia Search. Through hand-craft selection, 78 groups of associated metaknowledge195

hierarchical vertices are picked up. The cosine similarity of semantic embedding in each196

group is encoded by BERT. Then the statistical results of this test are shown in Figure 3.197

Figure 3. Test to decide metaknowledge association tolerance.

Figure 3 indicates that the cosine similarity between associated hierarchical vertices198

is basically in the range of [0.7, 0.9], therefore, this work adopts tolerance = 0.7.199

Meanwhile, we use S-MART1 to obtain relevant entities to q, called seed entities200

Sq =
{

s1, · · · , s|Sq |

}
. Then a retrieval starts in order to find the directly connected201

semantic vertices VSq and hierarchical vertices VHq, the latter extends to the top level202

hierarchical vertex (see also Knowledge Retriever in Figure 1). Then we get the question203

subgraph Gq:204

Gq =
{
Vq,Rq

}
,Vq =

{
Sq, VSq, VHq

}
,

si
rSij←→ vSj, sL

i
rHij←−→ vL

Hj
rHjk←−→ vL−1

Hk ← · · · → v0
H0, si ∈ Sq, vhj,k ∈ VHq.

(5)

2.3. Metaknowledge Encoding205

In this work, we propose a Graph Encoder for Metaknowledge (GE4MK) to encodes206

the text-described document metaknowledge. For document metaknowledge Mi =207

{VHi ∪VSi, EHi ∪ ESi}, the features of each vertex vj ∈ VHi ∪VSi could be divided into208

three parts: (1) the semantic features of vj itself, including its textual content vcj and its209

entity type vtj; (2) the hierarchical features of vj itself, including the semantic features210

vuj of the upper hierarchical vertex that vj belongs to, and the title’s semantic features tj;211

(3) the semantic features rj1, rj2, · · · , rjk of relations between vj and its k nearest 1-hop212

neighboring vertices.213

Consequently, the vertex features hj of vj can be described as:214

hj =
[

fs
(
vcj, vuj, ti

)
|| ft(vtj)|| fr

(
rj1, rj2, · · · , rjk

)]
, (6)

where215

vcj = LM(textcj), vuj = LM(textuj), ti = LM(texttitle), (7)

The output of these PLMs is a λ-dimensional dense semantic vector. The fs in Eq.3216

indicates a 2-layers MLP, which transforms the concatenation of [vcj, vuj, ti] from R3λ
217

to R3D, D indicates the dimension of feature space which is manually set depending218

on the using PLM; for instance, in this work we set D = 1000. ft : R|τ| → RD/2 and219

fr : Rk|R| → RkD are linear transformations, where |τ| = 9 in Stanza and |R| = 80 in220

OpenNREWiki80.221

For the convenience of calculation, we use matrices to describe all the vertices and222

edges (also the entities and relations) features in the document metaknowledge Mi, so223

the isolated vertices features (ignoring its neighbors) are:224

1 github.com/scottyih/STAGG
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Vi =


vic1 viu1 ti
vic2 viu2 ti

...
vicn

...
viun

...
ti

, (8)

and the type features of vertices are:225

Ti =
[
vit1 vit2 · · · vitn

]>. (9)

Meanwhile, the relation type features are denoted as:226

ri =


r11 r12 · · · r1n
r21 r22 · · · r2n
...

...
...

rn1 rn2 · · · rnn

, (10)

where rxy = #RelationType, x, y ∈ [1, n]; for vertex (entity) x, if y is one of the k nearest227

one-hop neighbor, then #RelationType indicates the type number in |R| of the relation228

between vertices x and y, otherwise #RelationType = 0.229

Therefore, for all the vertices Vi = {VHi ∪VSi} in Mi, their features are:230

Hi =
[
h1 h2 · · · hn

]>
= concat( fs(Vi), ft(Ti), fr(ri)), (11)

where concat(·) indicates concatenation by column, and fr indicates a linear transforma-231

tion from Rn to RD/2 in Eq.8.232

When considering the semantic information in relations, we define the Semantic233

Relation Matrix of Mi as:234

Ri = LM




text(r11)
text(r12)

...
text(rnn)




n2×D

. (12)

Using Ai to indicate the adjacency matrix of Mi, then:235

(Ai)n×n , (Hi)n×4D , (Ri)n2×D = GENC(Mi), (13)

where GENC(·) denotes GE4MK, Ri only includes semantic relation, not hierarchical236

relations. Then we use GE4MK to encodes Gq from text-described data to matrices:237 (
Aq
)

n×n ,
(
Hq
)

n×4D ,
(
Rq
)

n2×D = GENC
(
Gq
)
, (14)

2.4. Graph Reasoning: MEGr-Net238

Inspired by R-GCN[rgcn] and GAT[gat], according to the complex semantic and239

hierarchical relations, this work proposes a graph-attention-based model MEG-Net240

(Metaknoledge Enhanced Graph reasoning Network) in order to perform reasoning on241

the question subgraph Gq (Figure 4).242

Relational Graph Attention Layer (R-GAL) is the basic part of MEGr-Net, the243

output is the vertex state features under k-heads attention influence. We denote to-244

tal number of vertices as N = |Vq|, the vertex features input to R-GAL as H =245

{h1, h2, · · · , hN}, hi ∈ RF (F is the dimension of vertex state space), and the relations246

as R = [~r11,~r12, · · · ,~r1N , · · · ,~rN1, · · · ,~rNN ]N2×Fr
,~rij ∈ RFr (Fr is the dimension of edge247

state space).248
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(a) Self-attention (b) Attention aggregation

Figure 4. The attention mechanism of MEGr-Net

We firstly consider the interaction between vertex vi and its k−neighbors (attention249

heads). The semantic relation matrix Rq from GENC(Gq) is transformed into relation250

features matrix Rk:251

Rk = del



~r11 ~r12 · · · ~r1N
~r21 ~r22 · · · ~r2N

...
...

. . .
...

~rN1 ~rN2 · · · ~rNN


N×NFr

 =


~r1n1

1
· · · ~r1nk

1
...

. . .
...

~rNn1
N
· · · ~rNnk

N

 =
(
~riKi

)
N×kFr

, (15)

where del(·) indicates deleting all the empty relations, Ki =
{

n1
i , · · · , nk

i

}
indicate the252

k−neighbors of vi.253

The attention mechanism is denoted as att : RF
′
×RF

′
→ R, then we calculate the254

attention coefficients:255

α̂ij = att
(
W0hi, W0hj

)
+ att

(
Wr~riKi , Wr~rjKj

)
, (16)

where W0 ∈ RF×F
′

is the vertex weight matrix, and Wr ∈ RFr×F
′

is the edge weight matrix.256

These two matrices realize the parallel computation of linear transformation on each257

vertex. α̂ij indicates the interaction of the relation between vertex vi and its neighbor258

vj, as well as itself (self-attention). In MEGr-Net, the masked-attention mechanism259

is used to distribute the attention interaction to the k−neighbors Ne(i) of vi, so the260

masked-attention coefficient is:261

αij = softmax(α̂ij) =
exp (α̂ij)

∑k∈Ne(i) exp (α̂ik)
. (17)

The MEGr-Net sets the attention mechanism as a single-layer feed forward network262

(FFN) with parameters a ∈ R2F′ and LeakyReLU activate function, then:263

αij =
exp (FFN(α̂ij))

∑k∈Ne(i) exp (FFN(α̂ik))

=
exp (LeakyReLU(a>

[
W0hi, W0hj

]
+ a>

[
Wr~riKi , Wr~rjKj

]
))

∑k∈Ne(i) exp (LeakyReLU(a>[W0hi, W0hk] + a>
[
Wr~riKi , Wr~rkKk

]
))

.

(18)

Next, updating the vertex features of vi:264
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h
′
i = σ

 ∑
j∈Ne{i}

αij
(
W0hj + Wr~rij

), (19)

where σ(·)is a non-linear function, we use the ELU in MEGr-Net.265

When considering the multi-heads attention, we have:266

h
′
i =

K
||

k=1
σ

 ∑
j∈Ne{i}

αk
ij

(
Wk

0hj + Wk
r~rij

), (20)

where
K
||

k=1
indicates the concatenation of k vertex features of vi under its k−neighbors267

attention interaction.268

In the last R-GAL, we calculate the average features instead of concatenating, and269

use logistic sigmoid to normalize the output features into [0, 1] as the probability pi that270

indicates vertex vi is the answer entity:271

h
′
i = σ

 1
K

K

∑
k=1

∑
j∈Ne{i}

αk
ij

(
Wk

0hj + Wk
r~rij

), (21)

pi = sigmoid
(

h
′
i

)
. (22)

For the efficiency of computation, we use matrices in MEGr-Net to describe the272

whole progress: First, the vertex features matrix H of question subgraph Gq is multiplied273

by the vertex weight matrix W0 for state space transformation. Then an all-combination274

is used to concatenate W0hi and W0hj in Eq.16:275

allc(W0H) = (w0hi)N2×F =

[
w0h1
w0h1

· · ·
· · ·

w0h1
w0hN

· · ·
· · ·

w0hN
w0h1

· · ·
· · ·

w0hN
w0hN

]>
. (23)

We do the same operation to Rk:276

allc(WrRk) =
(
wr~riKi

)
N2×F

=

[
wr~r1K1
wr~r1K1

· · ·
· · ·

wr~r1K1
wr~r1KN

· · ·
· · ·

wr~rNK1
wr~r1K1

· · ·
· · ·

wr~rNKN
wr~rNKN

]>
.

(24)

Then the attention coefficient vector:277

ff = soft max
(

FFN
(

a>(allc(W0H) + allc(WrRk))
))

. (25)

Updating the vertices’ state:278

H
′
=

K
||

k=1
σ
(

ffk
(

Wk
0H + Wk

r Rk

))
, (26)

and aggregating:279

H
′
= σ

 1
K

K

∑
k=1

∑
j∈Ne{i}

ffk
(

Wk
0H + Wk

r Rk

). (27)

Finally, the logistic sigmoid:280

p = sigmoid(H
′
). (28)
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3. Experiments281

To verify the effectiveness of metaknowledge network in open domain question282

answering, this section carries out experiments on a subset of WebQuestionsSP, analyzes283

the experimental variables including: (1) triplet-based knowledge and metaknowledge,284

(2) various graph reasoning models, (3) several pre-trained language models.285

3.1. Datasets and Set-ups286

This work uses the open domain natural language question answering dataset287

WebQuestionsSP [31] for experimental analysis, which includes 4737 questions in natural288

language. At present, there is no well-established large-scale metaknowledge base and289

metaknowledge network, so we have to build it from scratch by the approach designed290

in Section 2.1 and 2.2. For the fact that the entities and relations extracted by open291

source NLP models naturally have quality disadvantages, the metaknowledge network292

we build in this work has an innate weakness when comparing with the finely-built293

large-scale knowledge bases such as FreeBase and WikiData. Consequently, to make294

hierarchical metaknowledge and non-hierarchical triplet-based knowledge comparable295

on the same track, considering the data quality limitation, we adopt the general approach296

in the construction of knowledge graph, that is, deleting all hierarchical nodes and297

relationships, retaining only semantic entities and relations in metaknowledge and298

integrating them to form a non-hierarchical triplet-based knowledge network.299

Meanwhile, the process of extracting metaknowledge from Wiki documents, con-300

structing metaknowledge network, retrieving and encoding question subgraphs takes a301

large amount of time and computing resources. For example, in the previous experiment,302

it took an average of 2h for 4× 11 GB VRAM GPU and 2×12 Core, 24 Threads CPU303

to build a metaknowledge network from five Wiki documents relevant to a question304

and complete subgraph retrieval and its encoding. Considering the data quality and305

hardware, this section scaled down the dataset to 2.5% of WebQuestionsSP, that is, 250306

questions in natural language. And it was divided into 150 for the training set, 50307

for the cross validation set and 50 for the test set. In this section, it is referred to as308

WebQuestionsMbQA. The training parameters of MEGr-Net are shown in Table 2.309

Table 2. The Training Parameters of MEGr-Net.

Parameters Values

Epochs 200
Learning Rate 5e-3

Attention Heads k 8
Dimension of Entity Features F′ 1000

Dimension of Relation Features F′r 500
Hidden Units 1000

The semantic encoder LM(·) is deployed on Server #1. The metaknowledge gener-310

ation, metaknowledge network construction framework and MEGr-Net are deployed311

on Server #2 (see also Appendix A). A Tesla V100 GPU (with 32GB VRAM) is used for312

training, which takes 13.5d (325h).313

This work takes the average accuracy (avg. Acc.) as the evaluation index.314

3.2. Experimental Control Groups315

This section analyzes the impact of different experimental variables on MbQA from316

the following three aspects:317

• Hierarchical metaknowledge and non-hierarchical triplet-based knowledge. This318

is the focus of this section, that is, what improvement hierarchical metaknowledge319

can make on open domain question answering compared with non-hierarchical320

triplet-based knowledge. In other words, whether metaknowledge and metaknowl-321
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edge network have superiority in open domain QA tasks. As described in §3.1,322

considering the extraction quality of open domain entities and relationships by323

open source NLP models, this section uses the same data and extraction models to324

build metaknowledge network (referred to as MK-Net in the experiment) and triplet325

knowledge base (referred to as Tri-KB) by the metaknowledge structure proposed326

in §2.1 and the general triplet-based knowledge structure respectively.327

• Graph reasoning model. MEGr-Net, based on GAT, essentially achieves an im-328

provement of graph data with complex relationships, like metaknowledge. Mean-329

while, it partially adopts the relationship processing approach in R-GCN. Therefore,330

this section takes GAT and R-GCN as test baselines and compares them with MEGr-331

Net. To explain the impact of (meta)knowledge extraction quality on the results,332

this section introduces the results of DrQA[21] and GRAFT-Net [22] on the entire333

WebQuestionsSP as a reference.334

• Pre-trained language models (PLMs). The input of MEGr-Net is the question335

subgraph Gq encoded by GE4MK, and its semantic features mainly come from the336

text embedding vector encoded by the PLM LM(·) in GE4MK. Therefore, different337

PLMs may exert different impact on the semantic feature richness of the problem338

subgraph. This section takes BERTBASE as the baseline, meanwhile RoBERTa [29]339

and ALBERT [32] as the control groups.340

3.3. Results and Analysis341

The results on control group #1 on WebQuestionsMbQA are shown in Table 3. The342

results show that with the same data quality, the hierarchical metaknowledge achieves343

better results than non-hierarchical triplet knowledge in open domain question answer-344

ing(+16.9% Tri-KB).345

Table 3. Results on Control Group #1.

(Meta) knowledge Network IH-Acc#.

Tri-KB 0.483
MK-Net 0.652

# The WebQuestionsMbQA dataset which we use in
the experiment is part of the whole WebquestionsSP,
so we use average In-House Accuracy (IH-Acc.) for
avg. Acc.

The results on control group #2 are shown in Table 4. For GAT, the relationship346

matrix Rk in MEGr-Net and the relationship weight matrix Wr in R-GAL are removed in347

this section. Modifications have been made to R-GCN for the tasks in this section.348

Table 4. Results on Control Group #2.

Graph Reasoning Models Acc.

Baselines GAT (MK-Net) 0.608 (IH†)
R-GCN# (MK-Net) 0.601 (IH)

MEGr-Net (MK-Net) 0.652 (IH)
DrQA (doc only) 0.215

GRAFT-Net (KB+doc) 0.687
#Model from github.com/kkteru/r-gcn.
?The data is cited from [22], respectfully.
†IH indicates that the experiments are based on the dataset
WebQuestionsMbQA, and if not annotated, that indicates that the exper-
iments are based on the dataset WebQuestionsSP.
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As can be seen from the results, MEGr-Net achieves better performance than the349

baselines in the reasoning of hierarchical graph data with complex semantic relationships,350

such as metaknowledge network (+4.4%GAT, +5.1%R-GCN). Meanwhile, compared with351

GRAFT-Net, which uses the complete FreeBase as the knowledge base and integrates352

the document (doc) and KB features, MEGr-Net still lags behind, indicating that it still353

needs to be improved in MbQA, especially in the integration with MRC method (see354

also Section 4).355

The results on control group #3 are shown in Table 5 (see Appendix B for the source356

of the pre-training parameter file of the pre-training language model). From the results,357

the PLMs (ALBERTXXLAERGE, RoBERTaLARGE) with large-scale parameters perform358

better, indicating that the larger the PLMS used by the graph encoder, the finer the359

fine tuning and the richer the semantic features of the question subgraph, the better360

performance will be achieved in MbQA.361

Table 5. Results on Control Group #3.

MEGr-Net PLMs IH-Acc.

Baseline +BERTBASE 0.652

+ALBERTBASE 0.646
+BERTLARGE 0.670
+RoBERTaLARGE 0.692
+ALBERTXXLARGE 0.708

As shown in Figure 5, the combination of MEGr-Net and ALBERTXXLARGE362

achieved the best results (+5.6% MEGr-Net+BERTBASE) and gained better performance363

than GRAFT-Net using LSTM [lstm] as text encoder, which proves that PLMS based on364

Transformers [26] is better than LSTM in MbQA.365

Figure 5. Results of Graph Reasoning Models and PLMs in MbQA.

Generally, the metaknowledge network with document directory hierarchy can366

significantly improve the existing methods in KBQA, which is basically consistent with367

the view that titles play a positive role in question answering in [22]. Meanwhile, finer368

PLMs can improve the semantic feature representations of question subgraphs and369

achieve better results in question answering. This is also consistent with the view and370

experimental results in [33].371

4. Discussion372

From the overall results of this work, metaknowledge basically solves the problems373

of triplet-based knowledge with weak structural logic, and provides a new idea for the374

theoretical and practical research of knowledge engineering. Meanwhile, it must also be375

noted that, as a relatively new research field, there are still some urgent problems need376

to be solved in the future work.377

• Metaknowledge and Metaknowledge Network Modeling378

Metaknowledge and metaknowledge network modeled by the single dimension379

network in this work (Section 3.2 & 3.3) is a compromising strategy to reduce the com-380

plexity of the model under the current realistic conditions of mainstream GNN models.381

In fact, according to the our concept, the metaknowledge network should be a multi-382

dimensional hyper-graph with hierarchical structure (Figure 6). The metaknowledge383

network expressed by that type of graph model includes two dimensions: hierarchical384

dimension and semantic dimension. The hierarchical dimension is in the outer layer,385

which includes all hierarchical nodes and relationships; The semantic dimension is in386

the inner layer, which includes all semantic nodes and relationships subordinate to387
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the hierarchical nodes. Ref.[34] proposes an embedding framework MINES for multi-388

dimensional networks with hierarchical structure, which uses hierarchical structure for389

multi-dimensional network embedding; Ref.[33] proposes an open domain question390

answering method based on hyper-edge fusion. These documents show the feasibility391

of graph reasoning on the metaknowledge network expressed by hierarchical multi-392

dimensional hyper-graph. This metaknowledge modeling method needs to be further393

studied and explored.394

Document #1 Document #2

D-th dimension:
D-level section title

(D+1)-th dimension:
(D+1)-level section title

Hyperedge
(Hierarchical 

Realtion)

Semantic 
Entities

cHierarchical
Entities

Semantically 
Associated

Figure 6. Metaknowledge that modeled by multi-dimensional hyper-graph with hier-
archical structure.

• MbQA and Graph Reasoning395

Limited by the extraction effect of open-source NLP models, MbQA has insufficient396

advantages over KBQA. At least under the existing conditions, there is still a huge gap397

between the metaknowledge network and mutual large-scale knowledge bases such as398

freebase from the perspective of data quality. Therefore, MbQA may be more suitable399

for in-domain QA tasks (such as question answering on laws and regulations). The fine-400

tuned NLP models will significantly improve the extraction quality of metaknowledge401

semantic elements. At the same time, the structural logic of metaknowledge network402

makes it have the ability to deal with complex relationships. Therefore, the role of403

metaknowledge network in multi-hop QA tasks is also a direction worthy of research.404

In terms of graph reasoning models for question answering tasks, MEGr-net relies on405

the hierarchical features contained in metaknowledge to supplement the short board406

relying only on semantic features (KBQA). On this basis, documents [22] and pre-trained407

language models [35] can continue to be integrated into graph reasoning to select the408

best from the best and enhance the effect of MbQA.409

5. Conclusions410

Facing the problems in current open domain QA tasks caused by the loose knowl-411

edge association and weak structural logic of triplet-based knowledge, this work make412

pivotal innovations on metaknowledge enhance question answering: (1) Metaknowl-413

edge extraction and metaknowledge network construction, where we present the ap-414

proach of generating metaknowledge and building metaknowledge network from Wiki415

documents automatically. (2) Metaknowledge and metaknowledge network model-416

ing, where we generally consider several different kinds of features from reasoning417

performance related aspects including semantic features such as textual content, entity418

type, relations, along with hierarchical features. (3) MEGr-Net, which is proposed for419

question answering, which aggregates both relational and neighboring interactions420

comparing with R-GCN and GAT. Experimets have proved the improvement of meta-421

knowledge over main-stream triplet-based knowledge. We have found that the graph422

reasoning models and pre-trained language models also have influences on the meta-423

knowledge enhanced question answering approaches.424
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Server #1: Providing BERT Embedding Service

Hard-ware Env.
CPU 2Intel Xeon E5-2678 v3 (48) @ 3.300GHz
RAM 32GB
GPU 4NVIDIA GV102 (11GB VRAM)

Software Env.

OS Ubuntu 18.04.5 LTS
Python Python 3.6.5: Anaconda
PyTorch 1.6.0 (for GPU)
TensorFlow 1.15.0 (for GPU)

Server #2: Main Experimental Environment

Hard-ware Env.
CPU 2Intel Xeon Silver 4210R (40) @ 3.200GHz
RAM 256GB
GPU 4NVIDIA Tesla V100S (32GB VRAM, using 1)

Software Env.

OS Ubuntu 20.04.2 LTS
Python Python 3.7.7: Anaconda
PyTorch 1.9.0 (for GPU)
TensorFlow 1.15.0 (for GPU)

Appendix A Experimental Environments of Hardware and Software425

Appendix B PLMs Used in This Work426

1. BERTBASE: huggingface.co/bert-base-uncased/tree/main427

2. BERTLARGE: huggingface.co/bert-large-uncased/tree/main428

3. RoBERTaLARGE: huggingface.co/roberta-large/tree/main429

4. ALBERTBASE: huggingface.co/albert-base-v2/tree/main430

5. ALBERTXXLARGE: huggingface.co/albert-xxlarge-v2/tree/main431
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