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Abstract. In the study of question and answer system, using pre-training and pre-
training language model and knowledge graph for joint reasoning still faces two
challenges: one is how to effectively solve the problem of knowledge lack in the
pre-training stage; the other is how to capture more local evidence after external
knowledge enhancement. To address these two pain points, This paper presents
a new quiz inference enhancement model——Inference Enhancement Model
(InferEM), From the perspective of knowledge enhancement and the interpretabil-
ity of the reasoning process, First, the dictionary information is integrated into the
pre-training through synonym replacement, translation enhancement, Improve the
model’s ability to predict low-frequency words; Then, we propose the hierarchical
digraph method, Using the hierarchical directed graph (HD-GNN) extracted from
the knowledge graph, Query related neighbors’ attention selection strongly related
edges capture local information, Enhance the reliability of the evidence chain. In
this paper, we evaluate the newly proposed model InferEM model on two dataset
benchmarks in the field of common sense quiz, which outperforms the existing
single quiz inference model and the existing pre-trained language and knowledge
graph joint model.

Keywords: Q&A Knowledge reasoning · Hierarchical directed graph ·
Knowledge Graph

1 Introduction

In the big system of instant communication on the internet, for those seeking solutions to
problems, the faster the problem is solved, the better. Their needs are timely and accurate.
Sometimes, solving question-and-answer type problems requires daily experience, while
others require specialized knowledge. This is difficult formost people to achieve, somore
and more self-help QA systems have emerged. Recently, many QA tasks have gradually
become more difficult, requiring not only machine understanding of the content of the
question, but also relationship reasoning of entities and their relationships through the
use of external knowledge [1–4], posing great challenges to QA models. For example,
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the question in Fig. 1 requires a model to reason about the entities mentioned, inferring
implicit relationships between concepts. Background knowledge like “Where can I stand
on a river to see water falling without getting wet?” may be difficult for machines to
understand, but it is common sense for humans, and using various knowledge to help
understand the meaning of pre-training is a key human ability.

Common sense QA evaluates whether machines can understand pre-training like
humans by asking questions that rely on common sense knowledge behind the answers.
Initially, models relied on pre-trained language models for prediction and transferred
learning based on a large amount of initial knowledge, showing excellent performance
for lower difficulty QA. However, as difficulty increases, the shortcomings of pre-trained
language models gradually become apparent, as the vocabulary of the model is greatly
challenged by the increase in difficulty, resulting in unsatisfactory QA performance.
Later, the emergence of knowledge graphs solved the problem of knowledge shortage,
and the appearance of a large amount of structured data elevated the accuracy of reason-
ing to a new level. Of course, knowledge graphs are not without their drawbacks. The
construction of knowledge graphs is too large, and the process of internal retrieval can
be extremely time-consuming, leading to problems with unidentifiable neighbor nodes
with too few neighbors, resulting in incomplete local information affecting the final
results. Recently, some researchers have proposed a solution that combines knowledge
graphs and pre-trained language models to overcome the shortcomings of low accu-
racy of a single model’s reasoning. Although the fusion of pre-trained language models
and knowledge graphs has improved the accuracy of reasoning to a certain extent, the
difficulties of each still remain unresolved.

Fig. 1. Given the QA context, our goal is to derive answers through joint inference of language
and knowledge maps.
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In this paper, improvements were made to address the shortcomings of the two
models mentioned above. Specifically, the weaknesses of GNN were addressed, and its
pre-training was enhanced. The Inference EnhancementModel (Inference Enhancement
Model, InferEM) was proposed, which improves on the fusion model in two ways: first,
by improving the handling of low-frequency words and implicit knowledge prediction
in the pre-training language model; second, by recognizing that there are limitations
to capturing local evidence and that directed subgraphs are more advantageous than
knowledge graphs and provide interpretability. The main contributions of this paper are
as follows:

Dt-RoBERTa using the description information of the dictionary, three ways are
adopted to improve the prediction ability of low-frequency words. At the same time, the
self-attention mechanism is improved. One is the pool output connection, the second
is the external attention, and the third is the layered external attention, which greatly
improves the model efficiency and generalization ability.

We propose a hierarchical directed graph method, through the encoding and rea-
soning mechanism design of local information, it adopts multi-dimensional features
and adopts different neighbor sampling strategies for each dimension, thus encoding
different local information of nodes. The two model uses the reversible module and
multi-head attention mechanism to capture and model each inference route and obtain
the best inference results by choosing different inference routes. Through the choice
of inference route, the model can make full use of local information, as well as global
information, improving the reasoning ability.

2 Relation Work

Usually, knowledge in question answering can be implicitly encoded in large pre-trained
languagemodels on unstructured text [5, 6] or explicitly represented in structured knowl-
edge graphs, such as Freebase [7] and ConceptNet [8], where entities are represented as
nodes and their relationships are represented as edges. Recently, pre-trained language
models have achieved significant success in many question answering tasks [9, 10].
However, while pre-trained language models cover a wide range of knowledge and have
achieved great success, knowledge at the commonsense level is still insufficient, result-
ing in significant gaps between the inferred results and reality, with the most significant
being the deviation in joint reasoning. In addition, pre-trained language models perform
well in text-based unstructured prediction but perform poorly in structured reasoning
(e.g., handling negation) [11]. On the other hand, knowledge graphs are suitable for
structured reasoning [12, 13] and can make interpretable predictions, such as by provid-
ing reasoning paths [16], but may lack coverage and fail to capture implicit information
effectively [15, 16]. Previous work [14, 17, 18] retrieved subgraphs from the knowl-
edge graph by obtaining the topic entity (the knowledge graph entity mentioned in the
question-answer pair) and its few-hop neighbors. However, this introduces many entity
nodes that are semantically irrelevant to the question-answer pair, especially when the
number of topic entities or hops increases.

Existing fusion inference methods [14, 19–21] of pre-trained language models and
knowledge graphs treat them as two independent modalities. They separately apply pre-
trained language models to question-answer pairs, but pre-trained language models lack
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sufficient external knowledge for training and structured knowledge is not applicable
to training pre-trained language models. In addition, the success in modeling graph-
structured data introduces GNNs to capture subgraph structures in knowledge graphs,
which solves the shortcomings of directly retrieving from the knowledge graph, while
the path structure of subgraphs is conducive to the interpretability of reasoning. R-
GCN [22], CompGCN [23], KE-GCN [24], and QA-GNN [25] propose updating entity
representations by aggregating all neighbors of each layer through paths. However,
they cannot distinguish the structural roles of different neighbors, and they are also not
interpretable.

Although these methods have solved the challenges to some extent in question
answering tasks, there are still two aspects to be addressed regarding the insufficient
knowledge of pre-trained language models and the inability to effectively capture local
information in subgraphs. Combining pre-trained language models and knowledge
graphs for inference presents two challenges: (1) how to effectively solve the knowledge
deficiency problem with pre-trained language models and perform joint reasoning given
a question-answer pair; (2) how to strengthen the capture of local evidence behind rich
external knowledge. To address these two challenges, this paper proposes the InferEM
model and conducts extensive experiments on two question answering datasets, showing
significant improvements over previous models.

3 Approach

Fig. 2. Q&A inference enhancement model diagram

As shown in Fig. 2, given a question q and an answer option a, they are concatenated
to form a question pair (question and answer choice) [q;a]. To perform reasoning on the
given question pair using the knowledge from both the pre-trained language model and
knowledge graph, InferEM works as follows. First, a node � representing the question
pair is introduced and connected to the topic entitiesṼq,a, resulting in a pre-fusion graph
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Gw with two knowledge sources (Sect. 3.1).Then, the pre-trained language model is
enhanced with knowledge for the question pair using a dictionary (Sect. 3.2) to obtain
its representation, and a Initial Graph Gw is retrieved from the knowledge graph. To
adaptively capture the relationship between the question pair node and each other node,
a correlation score is computed for each pair using the pre-trained language model and
added as an additional feature to each node. Then, a hierarchical directed graph module
based on attention is proposed, which performs layered Gw message passing on the pre-
fusion graph (Sect. 3.3). Finally, the pre-trained language model, hierarchical directed
graph, and pooled work graph representation are used for final prediction.

3.1 Initial Graph

To design a joint inference space for these two knowledge sources, we need to connect
them in a common graph structure. This paper introduces a question-to-pair context
node � to represent the question-to-pair context, and uses two new relationship types
γcq and γ c

a will be connected to the subgraph Gs on ϕq,a, each subject entity in �. These
relationship types capture the relationship between relevant entities in the question-
pair context and the knowledge graph, depending on whether the entity is found in the
question or answer section of the question-to-answer context. Since this subgraph is
only a preliminary construction of the connections between entities, this paper calls the
pre-joint graph Gw = (βw,ϕw).

ϕw = ϕs ∪ {
�
}

(1)

βw = βs ∪
(
�, γcq, e

)
e ∈ ϕq ∪ (

�, γca, e
)
e ∈ ϕq (2)

Each node in Gw is associated with one of the four types: � = {�,Q,A,O}, each
type represents the context node �, node in ϕq, node in ϕa and other nodes. This article
represents the text of the context node and the knowledge graph node e ∈ ϕs (entity
name) as (�) and text(e).

In this paper, we initialize the node embedding by answering a pre-trained language
model representation of the context

�plm = fenc((�)) (3)

Perfect each node on the Gs through its entity embedding.

3.2 Pre-trained Language Model Based on Dictionary Knowledge Enhancement

The advantage of Dt-RoBERTa lies in using the lexicon description information [36] as
an external knowledge to enhance the pre-training language model, in order to improve
the reasoning ability of the model and the ability to deal with problems without back-
ground knowledge. Solved the model of low frequency words in the corpus, through the
low-frequency word dictionary and the corresponding low frequency word definition to
enhance training pre-training language model, and introduced for the word level and
sentence level of two special tasks, these information can help the model to learn the
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relationship between the entity and semantics, so as to improve the performance of the
model on the common sense reasoning task.

This method is mainly improved from two aspects: one is to use the dictionary
knowledge to enhance the semantic information and improve the prediction ability of the
model to the low frequency words; the other is to adopt a new self-attention mechanism
to improve the efficiency and generalization ability of the model.

Several aspects of improving the ability to predict low-frequency words by using
dictionary knowledge:

(1) Synonymreplacement:Use synonyms in the dictionary to expand the semantic radi-
ation range of low-frequency words. During the pre-training process, Dt-RoBERTa
will randomly replace some words in the original text. If these replaced words have
similar words in the dictionary, the synonym in the dictionary will be used to replace
the original words, so that the model can better learn the semantic information of
low-frequency vocabulary.

(2) Translation enhancement: A multilingual dictionary is used to translate some low-
frequency words from the source language to the target language to use the broader
representation of the target language. This approach can both expand the semantic
radiation range of the model to low-frequency words and increase the effect on
translanguage tasks.

(3) Word sense disambiguation: In the pre-training process, word sense disambigua-
tion will be taken into account, that is, a common word can have multiple semantics.
It will select the appropriate descriptions inmultiple dictionaries to assist in the anal-
ysis of the semantic relations of words. This way can enhance the model to under-
stand the polysemy in the low-frequency vocabulary and improve the generalization
ability.

...

k

Fig. 3. Layered external hop attention
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In fine-tuning, this paper uses the pre-trained-Dt-RoBERTa as a plug-in knowledge
base to retrieve the implicit knowledge of identified entries in the input sequence and
inject the retrieved knowledge into the input, enhancing its representation through a
novel external hop attention mechanism. Specifically, the dictionary entries are first
identified from a given input, then the corresponding entry information is retrieved
using Dt-RoBERTa as a knowledge base, and finally the retrieved entry information is
injected into the original input to obtain an enhanced representation of the downstream
tasks. To better utilize the retrieved tacit knowledge in downstream tasks, three different
knowledge injection mechanisms are introduced: Layered external hop attention, as
shown in Fig. 3.

Layered external hop attention. To further improve the performance, the extra-hop
attention of the last layer is extended to each inner layer, making it a more sensible R̃
layer. Attention scores were calculated for each layer, and finally with their average for
implicit input knowledge injection. Specifically, the layered external jump attention can
be described as follows:

R̃l =
M∑

i=1

ATT
(
Rl, e

l
i

)
(4)

R̃ = 1

L

L∑

l=1

R̃l (5)

where, R̃ represents the weighted sum of the layer l output of Dt-RoBERTa. For the
implicit final R̃ obtained by Eq. (5), a similar approach is provided for the downstream
tasks using [Rd ; R̃].

3.3 A Hierarchical Directed Graph Based on the Graph Neural Network

In order to improve the pre-joint graph, this paper changes the GNNmodel and improve
the directed graph. Relational paths show strong transferable and interpretable inference
power on the knowledge graph [27–29]. However, because the nodes in the pathway are
only connected in order, they are limited in capturing the more complex dependencies in
the knowledge graph. The GNN-based methods can learn different subgraph structures.
However, none of the existing methods can effectively learn subgraph structures that are
both interpretable and inductive as rules. Therefore, this paper proposes a new structure
to capture important local evidence, using the following two methods: local information
coding and inference mechanism design.

Local information coding: In the feature representation of nodes, not only the global
information between nodes, but also the local information of nodes themselves, is taken
into account. Specifically, the model employs multidimensional features and different
neighbor sampling strategies for each dimension, thus encoding different local informa-
tion of the nodes. In this way, the feature vectors of nodes can contain more rich local
information, thus improving the ability of the model to capture local information.

Reasoning mechanism design: a mechanism based on the selection of reasoning
route is adopted. From the original language information to the reasoning result, each
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reasoning route will be modelled. Each node from linguistic information to inference
results can be regarded as a tiny inference route. The model uses the reversible module
and multi-head attention mechanism to capture and model each inference route, and
obtain the best inference results by choosing different inference routes. Through the
choice of inference route, the model can make full use of local information, as well as
global information, improving the reasoning ability.

Inspired by RED-GNN [39], in this paper, we introduce a special type of directed
graph-hierarchical graph. The hierarchical graph is a directed graphwith only one source
node (s) and one convergence node (t). All edges are directed, with nodes between
successive layers and pointing from layer m to layer m + 1. A general approach is used
to augment the triplet [23, 28] with inverse and identity relations. Then, all relational
paths of length less than or equal to L between eq and ea can be represented as relational
paths of length eq→r1 · →r2 · · · · →rLea. In this way, they can be formed as paths
in hierarchical graphs with a single source entity eq and a converging entity ea. This
structure preserves all the relational pathways between eq and ea and maintains the
subgraph structure. Based on this result, a hierarchical graph is introduced.

The hierarchical graphGeq,ea|L is a hierarchical graphwith the source entity eq and the
sink entity ea The entities in the same layer are different from each other. Any path from
eq to ea in the hierarchy graph is a relational path L of length eq→r1 · →r2 · · · ·→rLea,
where rm connects the entities in the m− 1 layer with the entities in the m layer. If there
is no relational path connecting eq and ea, define Geq,ea|L = 0.

Inspired by the inference ability of relational pathways, the goal of this paper is to
perform knowledge graph inference using directed graphs. However, unlike learning
structurally simple relational paths with the sequential model [27, 30], how to efficiently
construct and efficiently learn from directed graphs is challenging.

In this paper, βm
eq,ea|L is the edge, ϕm

eq,ea|L = eo|(es, r, eo) ∈ βm
eq,ea|L is an entity in

the r layer of the directed graph Geq,ea|L = β1
eq,ea|L ⊗ · · · ⊗ βL

eq,ea|L, where hierarchical
connectivity. Deine the joint operator as

Geq1,ea1|L ∪ Geq2,ea2|L = βL
eq1,ea1|L ∪ βL

eq2,ea2|L ⊗ . . . ⊗ βL
eq1,ea1|L ∪ βL

eq2,ea2|L (6)

Given an entity e, represent β̂m
e ,

�

β
m

e , and ϕm
e as sets of outer, inner, and entities, from

which e is seen walking through the r jump path.
Here, we show how GNN can be improved to learn efficiently and efficiently from

directed graphs. Extracting the subgraph structure and then learning the subgraph repre-
sentation is a commonpractice for subgraph encoding in the literature, such asGraphSage
[31] and GraIL [32]. Given a query triad (eq, rq, ea), subgraph coding generally includes
three processes:

(1) Exthe neighbors of eq and ea;
(2) Take the intersection to construct the subgraph;
(3) Message messaging and use graph level representation as subgraph encoding;

When working on the directed graph Geq,ea|L, first, the neighborhoods of eq and ea
are obtained in the knowledge graph. Second, take the intersection of the neighborhoods
of eq and ea to derive the directed graph Geq,ea|L, layer by layer. Third, if the digraph is
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empty, set Geq,ea|L to 0. Otherwise, the messaging is delivered layer by layer. Since ea
is a single junction entity, the final layer hLea (eq, rq) is used as a subgraph representation
to encode the directed graph Geq,ea|L. This paper names this solution as Hierarchical
diagrams.

When using a different ea ∈ ϕ, but the same query (eq, rq, ?) To evaluate (eq, rq, ea),

the eq of the adjacent edge β
∧m
eq ,m = 1...L is shared. The following observations were

made with:
The edge set visible from eq by m step β

∧m
eq equals ∪ea∈ϕβm

eq,ea|L, namely βm
eq is the

union of layer r edges in the directed graph between eq and all entities ea ∈ ϕ. Due to the
existence of sharing the same edge set, the overlap problem can affect the computational
cost, and the common method to solve this problem is dynamic programming. This
has been used to aggregate node representations on large-scale graph [31], or in the
representation of the knowledge graph propagation problem. Inspired by the efficient
low books of dynamic programming, this paper recursively constructs the directed graph
between eq and all entities eo as

Geq,e0|m = U
(es,r,eo)∈β

∧m

eq

Geq,es|m−1 ⊗
{
(es, r, e0) ∈ β

∧m
eq

}
(7)

Once the m − 1 of all entities es ∈ ϕm−1
eq in the Geq,es|m−1 layer, Geq,es|m−1 indicates

updated to encode by combining Geq,e0|m with shared edges (es, r, eo) ∈ β
∧r
eq in layer

m. Based on the above statement and formula (7), multiple directed diagrams can be
effectively encoded recursively in β

∧r
eq .

3.4 Accuracy and Interpretability Design of QA Reasoning

Dt-RoBERTa has used a large amount of lexicon knowledge as pre-training data that
can help the model understand semantic relationships and thereby improve the model
performance on common sense inference tasks. Adding hierarchical directed graphs to
pre-training can provide a richer and organized knowledge representation, thus further
improving model performance and interpretability.

A hierarchial directed graph is a graphical structure used to represent a conceptual
hierarchy. In the common sense reasoning task, concept hierarchy is very important
for reasoning because it can help the model understand the relationships and hierarchy
between concepts and thus reasoning.

Given the different triples sharing the same hierarchical graph, the local evidence
used for inference in this paper is different. In order to obtain knowledge of query-related
from the hierarchical graph and find interpretable local evidence, this paper uses the
attention mechanism [33], encoding rq into attention weights to control the importance
of different edges in Geq,e0|m. The messaging function is specified as

hmeo(eq, rq) = δ

{

Wm ·
∑

(es,r,eo)∈E
∧m

eq

αm
es,r,eo|rq

[
hm−1
es (eq, rq) + hmr

]}

(8)

The attention weights αm
es,r,eo|rq are at the edge (eq, r, ea) are

αm
es,r,eq|rq = σ

((
wm

α

)�ReLU
(
Wm

α ·
(
hm−1
es

(
eq, rq

) ⊕ hmr ⊕ hmrq

)))
(9)
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where wm
α ∈ R

dα , Wm
α ∈ R

dα×3d and ⊕ are the connection operator. Use the Sigmod
function σ to ensure that multiple edges can be selected in the same neighborhood.

After converging the L layer through (8), the representation hmea (eq, rq) can encode
the basic information for scoring (eq, rq, ea). Therefore, a simple scoring function was
used

f (eq, rq, ea) = w�hLea (eq, rq) (10)

where the w� ∈ R
d . Link the multiclass log loss [34] to each triplet (eq, rq, ea), i. e

∑

(eq,rq,ea)∈Ttra

{
−f

(
eq, rq, ea

) + log
(∑

∀e∈ϕ
ef (eq,rq,e)

)}
(11)

The first part in formula (11) is the score of the positive triad
(
eq, rq, ea

)
in Ttra, which

is the set of training queries, the second part contains the same query
(
eq, rq, ?

)
The frac-

tion of all the triples of the vs. Themodel parameters θ = {{Wm}, {wm
α }, {Wm

α }, {hmr },w}

are randomly initialized and optimized by random gradient descent [35] minimization
(12). If a set of relational pathways is strongly correlated with the query triplet, they can
be interpretable by identifying the attention weights in the Hierarchical diagrams.

4 The Experiment

All experiments were written using the PyTorch framework and run on an NVIDIA
A100 GPU with 80GB of memory. The test values of this model are referenced using
the common measure of common knowledge and answers, namely accuracy (Acc).

4.1 Data Set

This paper evaluates InferEM on three question answer datasets: CommonsenseQA [1]
and OpenBookQA [4].

CommonsenseQA is a five-choice question and answer task that requires common
sense reasoning and contains 12,102 questions. The test set of CommonsenseQA is not
publicly available, and the model prediction evaluation can only be published every two
weeks through the official leaderboard. Therefore, the main experiment on the in-house
(IH) data segmentation used in [14] by Lin et al.

OpenBookQA is a four-choice question and answer task that requires reasoning
usingbasic scientific knowledge and contains 5,957questions. This paper uses the official
data segmentation from the [4] of Mihaylov et al.

4.2 Knowledge Graph

For CommonsenseQA andOpenBookQA, this paper uses ConceptNet, a general domain
knowledge graph, as a structured knowledge source G for this paper. It has a total of
799,273 nodes and 2,487,810 edges. The node embeddings are initialized using the entity
embedding prepared by Feng et al. [20], which applies the pre-trained trained language
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model to all triples in ConneceptNet, and then obtains the ensemble representation of
each entity.

Given each question and answer pair, this paper retrieved subgraph Gs from G fol-
lowing the pre-processing step described in Feng et al. Then, the Gs was trimmed to
maintain the first 200 nodes from the model of Sect. 3.1.

4.3 Baseline

For fine-tuned pre-trained language models, pre-trained language models without the
knowledge graph are used for comparison. Testing on the CommonsenseQA dataset
using RoBERTa-larga [9] and Dt-RoBERTa and on the OpenBookQA dataset using
RoBERTa-larga, AristoRoBERTa [37] and Dt-RoBERTa.

For knowledge graph and pre-trained language models, compare existing knowledge
graph and pre-trained language models, sharing the same knowledge graph architecture,
but using different graph neural network models. Comparing the following state-of-the-
art baseline models: (1) Relation Network [38], (2) RGCN [22], (3) GconAttn [19], (4)
KagNet [14], (5) MHGRN [20], and (6) QA-GNN [25]. (1), (2), (3) the GNN of the
perceptual relationship of KGs, and (4) and (5) use the path in the knowledge graph for
reasoning. QA-GNN uses question and answer pairs to score correlations and update
them jointly. QA-GNN is the existing top performance model in the framework of this
knowledge graph and pre-trained language model. For a fair comparison, the paper uses
the same pre-trained language model across all baselines and the models in this paper.
The key difference between InferEM and these models is that (1) none of them focuses
on the importance of external knowledge of the pre-trained language model, resulting in
the failure to accurately predict implicit information; (2) previous models are not good
at capturing local evidence, which causes less local information on relationship edges.

4.4 Main Results

Tables 1 and 2 show the results for CommonsenseQA and OpenBookQA, respectively.
On both datasets, this paper observed consistent improvement over fine-tuned pre-trained
and existing knowledge map and pre-trained language model models, for example, on
CommonsenseQA, 5.7% over RoBERTa and 0.82% over the previous best-knowledge
map and pre-trained language model QA-GNN. Performance over the QA-GNN model
shows that InferEM better uses KGs to perform joint inference than existing knowledge
graph and pre-trained language model methods.

CommonsenseQA Accuracy comparison of the internal segmentation. Since the
official test is hidden, this paper reports here the accuracy of internal Dev (IHdev) and
Test (IHtest) after the data segmentation of Lin et al. The experimental results show that
InferEM* (no pre-trained language model using RoBERTa-large) is better than the other
models. The InferEM was more significantly.

The test accuracy of the OpenBookQAwas compared. The first row of the table uses
RoBERTa-lag, AristoRoBERTa, and Dt-RoBERTa as additional input for the quiz pair.
The results showed that Dt-RoBERTa performed the best. The first column of the table
is a comparison of the baseline of the current graph structure model. The experimental
results show that the same pre-trained language model InferEM* effect outperforms the
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Table 1. Performance comparison on Commonsense QA in-house split.

Methods IHdev-Acc.(%) IHtest-Acc.(%)

RoBERTa-large (w/o KG) 73.07 68.69

+ RGCN 72.69 68.41

+ GconAttn 72.61 68.59

+ KagNet 73.47 69.01

+ RN 74.57 69.08

+ MHGRN 74.45 71.11

+ QA-GNN 76.54 73.41

+ InferEM* 76.87 73.74

InferEM(Ours) 77.13 74.56

Table 2. Comparing the testing accuracy of OpenBook QA with pre training

Methods RoBERTa-large AristoRoBERTa Dt-RoBERTa

RGCN 62.45 74.60 78.11

GconAtten 64.75 71.80 78.34

RN 65.20 75.35 79.86

MHGRN 66.85 80.60 81.17

QA-GNN 67.80 82.77 83.29

InferEM*(Ours) 68.43 83.31 84.17

previous methods and outperforms the latest QA-GNN model. Moreover, InferEM was
also higher than the existing models, with the best performance.

4.5 Ablation Experiments

As shown in the ablation experiment in Fig. 4, it is concluded that the Dt-RoBERTa
pre-trained language model with lexicon knowledge enhancement can improve the lack
of pre-training knowledge, and the performance of Dt-RoBERTa is stronger than other
models in prediction.

Depth of the InferEM model. In Fig. 5, this paper shows the use of different layer L
on the x-axis to test the effect on accuracy and the coverage of test triples (eq, rq, ea).
ea is visible in eq. Intuitively, when L is increased, more triples will be overlaid and
the path or subgraph between eq and ea will contain more information but will be
more difficult to learn. As shown in the figure, when L is too small, for as L ≤ 2, the
performance of InferEM is relatively poor,mainly due to the limited information encoded
in the hierarchical graph in such a small range. When L ≥ 3, InferEM achieves the best
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Fig. 4. Accuracy corresponding to different pre trained models
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Fig. 5. The impact of hierarchy on accuracy and coverage

performance, where hierarchical graphs can contain richer information, and important
information of inference can be learned efficiently.

5 Conclusion

This paper presents InferEM, an end-to-end question answering model utilizing knowl-
edge graph and pre-trained language models. The key innovations of this paper include
two points: first, to improve the vocabulary knowledge of pre-trained language model,
especially the case of insufficient low frequency words, using Dt-RoBERTa to improve
the predictive reasoning ability of the model; and second, to solve the problem of captur-
ing insufficient internal evidence, the D-GNNmodel is used to improve GNN and inter-
pretable. Throughquantitative andqualitative analysis, this paper shows that InferEMhas
significant improvement over the existing pre-trained language model, knowledge map
and pre-trained language model, and has the ability to explain and structural reasoning.
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The following work, on the one hand, is to train the Chinese corpus, to compensate
for the field and improve the robustness of the model; on the other hand, to develop more
interpretable models to transform the reasoning process into a natural language form to
better explain the decision of the model. In addition, the knowledge graph can also be
extended and updated, because the knowledge graph is the basis of the common sense
reasoning model and plays a key role.
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