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Abstract: Existing Knowledge Graph (KG) models for commonsense question answering present two 1
challenges: (i) existing methods retrieved entities related to questions from the knowledge graph, =
which may extract noise and irrelevant nodes, and (ii) lack of interaction representation between s
questions and graph entities. However, current methods mainly focus on retrieving relevant entities 4
with some noisy and irrelevant nodes. In this paper, we propose a novel Retrieval-augmented s
Knowledge Graph (RAKG) model, which solves the above issues through two key innovations.
First, we leverage the density matrix to make the model reason along the corrected knowledge path 7
and extract an enhanced knowledge graph subgraph. Second, we fuse representations of questions s
and graph entities through a bidirectional attention strategy, in which two representations fuse and  »
update by Graph Convolutional Network (GCN). To evaluate the performance of our method, we 10
conduct experiments on two widely-used benchmark datasets CommonsenseQA and OpenBookQA. 11
The case study gives insight into findings that the augmented subgraph provides reasoning along the 12
corrected knowledge path for question answering. 13

Keywords: Commonsense question answering; Knowledge Graph; Graph Convolutional Network. 14

1. Introduction 15

Question Answering (QA) has become one of the most popular downstream tasks 1e
in Natural Language Processing (NLP) in recent years. QA tasks utilize Large-scale pre- 17
trained language models (LMs) to obtain token representations, exemplified by BERT [2], 1.
GPT [3], ELMo [4], RoBERTa [5], which have achieved remarkable success. Meanwhile, 1
commonsense as external knowledge is essential for QA systems to predict the correct 20
answer, which is natural knowledge for humans [1]. External knowledge is often incorpo- =1
rated in the form of ConceptNet [7] and Freebase [8], where nodes represent entities and 22
edges represent the relationships between two entities [6,10]. Adding a knowledge graph  =s
can indeed enhance the interpretability and credibility of prediction answers. For example, 24
Figure 1 shows an example of the commonsense question answering based on KG. In this =5
example, given the question "Which is a good source of nutrients for a mushroom?", correct 26
answer entity "a cut peony", and some choice nodes. Using the KG to answer a question  2r
about "nutrients for a mushroom", we need to look for entities that involve the following  2s
concepts: "nutrients” and "mushroom". Moreover, we use entity linking to identify these 2o
entities and match them with the concepts in the Knowledge Graph (KG). 30

However, most existing models used the KG to obtain information increases the risk a1
of retrieving irrelevant or noise nodes, and have difficulties in interaction representation 2
between questions and graph entities. Therefore, extracting an enhanced Knowledge Graph  s»
subgraph has been shown to be more effective in obtaining an accurate reasoning path for s
question answering [9]. On one hand, when extracting relevant a subgraph, some noisy s
nodes are often contained by simple semantic matching [11,12]. As the reasoning paths e
become more complex, the noisy nodes also change continuously. When noise nodes are  s7
not discarded in a timely manner, the performance of the model in predicting answers will  ss
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Figure 1. Given the example of QA tasks (question and five candidate choices). Our approach
involves analyzing the question entity and incorporating KGs to predict the answer.

be negatively impacted [31,41]. On the other hand, in previous works [13,14], language o
models and knowledge graph models existed as independent components, which resulted 40
in missing relationship between the question and graph entities. The limited interaction
between language models and knowledge graph models is the major issue, which causes 4=
models to struggle with understanding complex question-knowledge relations [26,33,43]. a3

To address the above two issues, we propose a novel Retrieval-augmented Knowledge s
Graph (RAKG) architecture, which make the model reason along the corrected knowledge s
graph for question answering. First, RAKG model extract the most relevant subgraphs 4
by utilizing the density matrix, which affects the weights of neighborhood nodes during 4
training. Second, our proposed model utilizing bidirectional attention strategy to fuse the 4
representations of questions and knowledge graph entities. a9

Specifically, RAKG model has two major steps: (i) we concatenate the given QA s
pair obtaining the representations. And we extract the KG in the form of ConceptNet s
obtaining the graph embeddings, which removes irrelevant nodes to ensure the appropriate s
reasoning path. We then compute the inner product of node representations and build  ss
direct neighborhoods based on the density matrix. This can be seen as a way to capture the s
importance of question-entities pairs in the subgraph. (ii) given the question and retrieved s
subgraphs, RAKG obtains initialized representations of both the question and graph entities  se
via Graph Convolutional Network and language models, respectively. In addition, to make sz
the model fuse the representations of question and graph entities, we further incorporate a  ss
bidirectional attention strategy between language model and knowledge graph model to s
bridge the gap between the question and graph entities representations. 60

In summary, the contributions of this work are as follows: o1

1) We propose a novel RAKG model with a retrieval augmented KG subgraph for
Question Answering. The augmented subgraph is extracted using the density matrix, s
which removes irrelevant nodes at each layer of the RAKG. ca

2) Our model utilizes a bidirectional attention strategy to effectively integrate the s
representations of both language models and knowledge graphs. Moreover, we use R- s

dropout to prevent overfitting and improve model generalization. o7

3) Experimental results show that proposed RAKG achieve better performance than s
several baselines on CommonsenseQA and OpenbookQA benchmarks. o0
2. Related Work 70
2.1. Knowledge Graph-based Question Answering 7

Knowledge Graph-based Question Answering (KG-QA) is a Natural Language Pro- 7
cessing task that predicts the answer by retrieving relevant nodes from the knowledge 7
graph. The task has been studied in recent years [17,18]. In order to utilize external 7
knowledge, KGs are widely used in QA tasks [15,16]. Since then, researchers have made 7
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significant works in developing KG-QA systems. The method has shown significant
improvement over previous methods in terms of both accuracy and interpretability. 77

However, given the KGs are usually large and complex that contain many irrelevant s
nodes to the question [19]. Moreover, with the large LMs, the relationships complexity of 7
reasoning over them will increase. To address this issues, retrieving KG subgraph based on =0
a variety of methods has been proposed [20,21]. Some works [40,41] leverage KG subgraph &
for commonsense question answering that obtain multi-hop relationships for reasoning =
paths. Furthermore, the additional node contributes to construct relationships between s
language model and knowledge graph model, while [31] add the question node to the KG &4
subgraph structure. Therefore, the graph representations can learn more information from s
question nodes and graph entities. However, the above methods does not integrate well s
the semantic information between questions and knowledge graph representations, so we &
mainly focus on this point. a8

2.2. Graph Convolutional Network 80

Graph Convolutional Network (GCN) [22] is a type of neural network that operate s
on graphs and have become increasingly popular in recent years. The use of GCN allows o
for the modeling of complex relationships and dependencies between nodes in a graph 2
[23]. For QA tasks, GCN have been utilized to KG complex relationships between entities o3
and provide more accurate answers, which achieved by using GCN to encode text and s
construct a graph based on the entities mentioned in the KG [24]. Moreover, R-GCNisa s
extension of GCN that deals with a large number of relationships with multiple graphs o5
[33]. o7

Recent research on GCN have focused on expanding their capabilities to handle s
different types of graph data, such as directed GCN [25] and dynamic GCN [26]. For e
example, the dynamic GCN is capable of handling graphs with varying structures and  1c0
sizes, as well as temporal data and time-varying graphs. Moreover, the dynamic GCN 101
can adapt to changing graphs by learning the graph structure from the KG, enabling it to 102
identify the most relevant nodes and edges for the QA task. Meanwhile, there has been 103
other works on combining GCN with other methods, such as Graph Attention Network 1o
(GAT) [27] and Graph Adversarial Training [28], which use the self-attention and multi-head 105
attention strategies to learn the node representations. In contrast to previous research, our 106
approach utilizes a static R-GCN model, but leverages a density matrix and a bidirectional o7
attention strategy to weight the neighborhood nodes in the KG. 108

3. Methodlogy 100

The Retrieval-Augmented KG model is composed of four main parts, as shown in 10
Figure 2. These are the Language Context Encoder, Knowledge Graph Subgraph Extraction, 11
RAKG module, Answer Prediction. 112

3.1. Task Formulation 113

Given a question g and a set of candidate answers {ay,ay,...,4,}, the goal of the 114
RAKG model is to identify the most plausibility answer among a set of N candidate s
answers a,. Our proposed method provides the question g and an external knowledge 16
graph (KG) as inputs to the model. A KG is denoted as KG = (V,E), where V represents 117
entities in the knowledge graph, E represents edges between entity1 and entity?2. 118

3.2. Language Context Encoder 119

We have chosen RoBERTa [29] as the backbone model for our model. Our proposed 120
end-to-end question answering system utilizes RoBERTa to perform token representations 12
on concatenated question-answer pairs, allowing for a streamlined one-pass approach. 122

Given an input question g of length |L| , we concatenate the question g and the answer 12
a, together in the format of [[CLS]; g; [SEP]; a,] to form Language Context L. Where [CLS] 124
and [SEP] are special tokens utilized by large-scale pre-trained language models. The 125
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Figure 2. Our proposed RAKG model, which composed of the Language Context Encoder module,
KG Subgraph Extraction module, Retrieval-Augmented KG module and Answer Prediction module.
[CLS] token is placed at the beginning of the first sentence, while [SEP] token is used to separate the
two input sentences. The red circle represent the question node. The yellow circle represent entity
nodes mentioned in the question. The blue circle represent the answer node.

input L is provided to the encoder f.,. of the pre-trained LMs to generate a list of token
representations. The representations of tokens Q will be sent to RAKG module in order to
be further integrated with the graph entity representations, are calculated as follows:

Q =0 (fs(fenc(L)))

where ¢ is the activation function, f; represents a linear transformation, and fe;,. encode L
into vectors.

)

3.3. KG Subgraph Extraction

We develop an end-to-end entity linking system, which takes a question-answer pair
as input and links entities in the question to the knowledge graph. For the KG, we utilize
ConceptNet [30], a general-domain knowledge graph that has multiple semantic relational
edges.

To construct the subgraph for each example, we follow a previous approach [31] by
selecting entities with an exact match between n-gram tokens and ConceptNet corpus using
some normalization rules. We expand the subgraph by adding another set of entities based
on the two-hop [29] reasoning path in the KG from the current entities in the subgraph.
Additionally, we include the question as a separate node in the subgraph KGg,,; and connect
it to entities in the question that are relevant to the answer.

3.4. Retrieval-Augmented Knowledge Graph module

After obtaining token representations through the LM encoder, we further use the
model to obtain entity representations in the subgraph. First, we utilize the RoBERTa model
to obtain an initialization representation for each entityX? = {9 }LV:‘O ,and then we use a
R-GCN [33] network to update the entity node representation through iterative message

passing update, are calculated as follows:
-1
i })

where |V| represents the graph entity nodes sizes and subtracted 1 due to the question
node.

{xll,...,xf‘,'} :R—GCN({fll_l,. @)

148
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To provide a more explicit representation of the reasoning path, we utilize the density 1so
matrix to re-evaluate the significance of neighboring nodes. Specifically, we propose RAKG 151
model, where we use neighbor density matrix to score the relevance of neighbor nodes. 1s:
For each node, we use inner product compute density matrix M;,qt, and the density matrix 1ss
change while the representations are computed at each graph layer. In our proposed RAKG 154
model, the forward-pass message passing updates of the graph entity nodes and question 1ss
nodes. 156
Finally, we use to M,(i:tl) multiple the node representation to learn the weight of edges s
based on density matrix between the nodes during the massage passing, updating node 1ss

representations are computed as follows: 159

mat

R+ — a(M““) AN wg) 3)

where ¢ represents activation function, W, represents a hyperparameter. Besides, we 10
update question node representation is calculated in a similar way as above. 161

In addition, we employ a bidirectional attention strategy to facilitate interaction e
between the pre-trained language model and the knowledge graph, computing a pair-wise 163
matching matrix M, The computation of the attention strategy from the language model  1es

to the knowledge graph is shown as 165
th = softmax(Mpgr) )

and the computation of the attention strategy knowledge graph to language model is 1e6

shown as 167
S;], = softmax (Mgm-r> )

We obtain vector representations for both entities and questions, and fuse them using 1es
a bi-directional attention strategy with a concatenated matrix. The attended features are 1eo
then compressed into a low-dimensional space. This approach helps to further clarify 17
the reasoning path and minimizes the number of irrelevant entity nodes for the given in
question. Specifically, we use bidirectional attention strategy to choose the top K relevance 17
nodes on the basis of above. Specifically, we define a retention ratio [K- |[V||K € (0,1], 1
which represents relevance [K - |V|] nodes to be retained. We choose the top-rank nodes  17e
according to the value of bidirectional attention strategy. 175

3.5. Answer Prediction 176

In this system, the query representation and the graph representation are combined to 177
compute a score for a given answer. The query representation is obtained after N layers of 17s
iteration, where the query information and knowledge graph information are fused together. 17
Similarly, the graph representation is obtained from the KG subgraph representation pooled  1s0
from the last graph layer. The score of a candidate answer is computed as the dot product  1s
of the mean pooled query representation and the pooled KG subgraph representation: 162

p = (a|L,KGgyp) = MLP([s;8]) (6)

where s is the mean pooling of query representation, including token representations hy, 1es
question representations g, and g is the KG subgraph representation pooled from the iss
last graph layer. The scoring function is used to determine the similarity between the s
query and the candidate answer, based on their representations in the knowledge graph. 1se
We get the final probability by normalize all question-choice pairs with softmax and use 1er
R-Dropout[34] to regularize the end-to-end model. R-Dropout decreases the randomness  1ss
introduced by original dropout by minimizing the KL-divergence loss between the output  1se
distributions of the two sub-models sampled by the dropout. 100
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4. Experimental Setup 101
4.1. Datasets 102

We evaluated our model on two different benchmarks for commonsense reasoning, 1es
CommonsenseQA [35] and OpenbookQA [36], which are widely used benchmarks. We 104
used the same data split for both benchmarks and applied ConceptNet as an external 1es
knowledge graph for both benchmarks. 196

CommonsenseQA [35] is a benchmark for evaluating the ability of computer systems o7
to understand and reason about commonsense knowledge. With over 32,000 questions and 198
answers covering everyday scenarios and events, it requires systems to possess common- 199
sense reasoning capabilities to accurately answer the questions. The dataset is unique in its 200
focus on testing the ability of systems to reason through multiple choice questions. 201

OpenbookQA [36] is based on open text sources, with questions sourced from foun- 202
dational science textbooks covering subjects such as physics, biology, and chemistry. The 20
dataset contains over 5,000 questions and is unique in that it focuses on testing the ability 20
of systems to answer questions that require reasoning beyond simple fact retrieval. Each 205
question is accompanied by a multiple-choice set of answers, making it a useful benchmark 206
for evaluating natural language understanding and reasoning models. 207

Table 1. Statics of CommonsenseQA (CSQA) and OpenBookQA (OBQA)

Dataset Train Dev Test Choices
CSQA 9,741 1,221 1,140 5
OBQA 4,957 500 500 4

The goal of the task for these two datasets is to select the most appropriate answer for o8
a given question. During our training process, the data cleaning was performed to ensure 200
that each question has at least one correct answer. Table 1 gives the experiment data scale 210
and split of the two datasets. Two commonly used rank-based metrics, IHdev accuracy and 211
IHtest accuracy, are used to evaluate the performance of the model on the same task and 212
dataset. 213

4.2. Implementation details 214

RAKG model is implemented by Pytorch. We utilized the pre-trained RoBERTa [29] 215
model to encode our information. Our end-to-end architecture was trained using R-Dropout 216
[34] and the RAdam optimizer [37]. The batch size was set to 16 and the maximum text =
input sequence length was set to 128. We employed a 5-layer graph neural module in our 21
experiments, and its impact is described in section 5.2. The learning rate for the language =210
model was set to 1e-5 and the learning rate for the graph module was set to 1e-3. We train 220
our model for 100 epochs and the best model obtained in the dev set is used to evaluate in 222
the test set. Each model was trained on a single GPU (3090Ti) . 222

4.3. Baselines 223

To assess the effectiveness of the proposed approach, we conducted experiments 22
using three baseline methods that rely on multiple-choice question answering tasks. A 225

comprehensive comparison with a wide range of models is made. They include: 226
Roberta-large [38] is a common baseline for multi-choice question answering tasks. It 227
does not rely on any extra knowledge, such as ConceptNet. 228
RN [39] is designed to capture the core common properties for relation reasoning. 220
KagNET [40] is a path-based model that encodes multi-hop relationships extracted 230
from knowledge graphs using an LSTM sequence model. 231

MHGRN [41] is a powerful baseline. The MHGRN model proposes a scalable method 232
for knowledge-aware question answering that uses multi-hop relational reasoning. The =2s:
model uses graph neural networks to perform multi-hop reasoning on a knowledge graph  23a
and integrates language models to handle NLP tasks. 235
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QA-GNN [31] is a novel approach, which integrates language models and knowledge =36
graphs for multi-hop question answering. The method leverages the strengths of both 237
models, using the language model to generate initial representations of the query and the =23.

knowledge graph to refine the representations through graph neural networks. 230
5. Results and Analysis 240
5.1. Main Results 241

In this section, we compare our model with the baseline models and methods, as 2.
well as the ranking results of CommonsenseQA and OpenbookQA. We also provide an  zas
analysis of the components and features of the model. Table 2 and Table 3 illustrate the 24
main comparison results with baselines, respectively. 245

Table 2 shows the performance of different models on the CommonsenseQA bench- 246
mark. KagNet and RN are strong baselines. We can observe that RAKG outperforms other 24
methods. Specifically, our method outperforms the RoBERTa-large by 3.7% and RN by 2.2%  24s
on CommonsenseQA benchmark. The boost over RN suggests that RAKG makes a better 240
extraction of KG subgraph to perform language model and knowledge graph model.We 250
use the same RoBERTa-large model as the backbone for training our model to ensure zs:
a fair comparison with other models. This result shows the effectiveness of our RAKG 252
model architecture. Additionally, Table 3 shows the performance on the OpenbookQA. Our  2s:
method performance improves by 8% over R-GCN model and 4.1% over QA-GNN. 284

Table 2. Dev accuracy and Test accuracy of various models on the CommonsenseQA benchmark.

Methods IHdev-Acc.(%) IHtest-Acc.(%)
RoBERTa-large[38] 73.07 68.69
+R-GCNJ[33] 72.69 68.41
+GeonAttn[43] 72.61 68.59
+KagNet[40] 73.47 69.01
+RNJ[39] 74.57 69.08
+MHGRN]J41] 74.45 71.11
+QA-GNNJ31] 76.50 73.40
+RAKG(Ours) 76.74 73.51

Table 3. Dev accuracy and Test accuracy of various models on the OpenbookQA benchmark.

Methods IHdev-Acc.(%) IHtest-Acc.(%)
RoBERTa-large[38] 66.7 64.8
+R-GCNI[33] 65.0 62.4
+GconAttn[43] 64.5 61.9
+RN[39] 66.8 65.2
+MHGRN]J41] 68.1 66.8
+QA-GNNJ[31] 68.9 67.8
+DRGNJ[26] 70.1 69.6
+RAKG(Ours) 73.0 77.0
5.2. Ablation Studies 255

Impacts of RAKG components We conducted an ablation study on the Common- 2se
senseQA development benchmark to evaluate the effectiveness of different components  2s
of RAKG, as presented in Table 4. First, we remove KG subgraph, our model without the 2se
KG subgraph obtains 69.6% on the CommonsenseQA. This result indicates that while the =2s0
language model can provide answers to the questions, the accuracy is relatively low. Our ze0
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model, which incorporates the KG subgraph and density matrix, achieved an accuracy of ze:
75.4%. The result demonstrate the usefulness of the density matrix in helping the model 262
identify more relevant neighbor nodes, improve the learning of node representations, and  zes
ultimately achieve better performance. Moreover, by incorporating a bi-directional atten- zes
tion strategy module, our method accuracy improved to 76.2%. We further enhanced the zes
model’s generalization capability by incorporating R-Dropout, resulting in an accuracy rate  zes
of 76.7%. These results show the effectiveness of our approach and suggest that it has the 267
potential for broader application. 268

Table 4. Ablation study on model components using RoBERTa-large as the text encoder. We report
the IHdev Accuracy on CommonsenseQA.

Methods IHdev-Acc. (%)
RAKG (N=5) w/o KG subgraph 69.6
+KG subgraph 72.6
+density matrix 75.4
+bidirectional attention 76.2
+R-Dropout 76.7

Impact of number of RAKG Layers In our RAKG model, each layer of the graph zee
is composed of numerous nodes that represent various features or patterns of the input =27
data. However, not all nodes are equally important for predicting the output. The number 2n
of graph layers is impact of RAKG architecture because the density matrix is based on 27
GCN. As shown in Figure 3, we investigate the impact of the number of RAKG layers. 27
The results indicate that as the number of graph layers increases, the accuracy rate also 27
increases, peaking at fifth layers. However, after the fifth layer, the accuracy gradually 2rs
decreases due to model overfitting. Therefore, our model sets the number of graph layers 276
to 5. 277

77.0 -
mmm RAKG
QAGNN

76.7
76.5
76.5 - 76.4 76.4
76.3
76.2
76.1 76.1
76.0
75.6
75.5 -
75.0 -
3 4 5 6 7

Layers

Accuracy
~
o
o

Figure 3. Impact of number of RAKG Layers. We show IHdev Accuracy of RAKG on Common-
senseQA.

Impact of KL-divergence loss weight in R-Dropout We evaluate the influence of 27
KL-divergence loss weight. As shown in Table 5, we conducted an experiment where we set  27s
the weights of kl weight to take the values of 0.5,0.7, 0.9, 1, and 5. Through experimentation, =zso
we found that as the weights get larger, the peak value of 76.7% is reached at the weight = ze:
value of 0.7, but then the accuracy starts to decrease. By adjusting the KL-divergence 2.
loss weight, we can effectively control the complexity of our model and prevent model  zes
overfitting. It is worth noting that the optimal weight value for kl-divergence loss may zss
vary depending on the specific task, dataset size, and model architecture. Therefore, itis zes
important to choose the KL-divergence loss weight in R-Dropout carefully to avoid model  zss
overfitting and achieve better performance. Therefore, we use #=0.7 to ensure the best 2e7
performance of our model. 208
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Table 5. Impact of the KL-divergence loss weight in R-Dropout.

« RAKG+R-Dropout (%)
a=0.5 74.5
a=0.7 76.7
«=0.9 76.3
a=1.0 75.6
«=5.0 75.3
animals shiver capital city .
Where would animals What is the capital city
shiver the most? : of Australia?
Question Question
entity entity
shiver Australia
A. sumatra ‘ * A. building
B. sky B. camp
C. java Is capable of Is part of C. country
D. tropical rainforest D. town
E. arctic circle* E. Canberra*

Figure 4. Case study on model interpretability. We present two examples from CommonsenseQA
with the reasoning paths in RAKG.

Model Interpretability In order to better understand how our model arrives at its zeo
answers, we can analyze the reasoning path it takes. Fig. 4 provides two examples 200
from the CommonsenseQA, where our model provides the correct reasoning path and 20
answers the question accurately. Each example consists of a question and 5 candidate 202
answers. Our method links the entities in the question to those in the answer options, 2e3
and uses these entities to find the most likely reasoning path between the question and 204
the correct answer. Our model is able to capture the potential relationships between the 205
candidate answers and the question. By analyzing the relationships between entities and  2e6
making connections across them, our model can effectively reason and make accurate o7
predictions. This is particularly important in question answering tasks where the answer 2os
may not be immediately obvious and requires the ability to reason and draw connections 209
between different pieces of information. In summary, our model’s ability to identify and o0
analyze reasoning paths between entities is a critical component of its success in answering s
questions. By leveraging this capability, our model can accurately reason and arrive at the o2
correct answers even when faced with complex and ambiguous questions. 303

6. Conclusion 304

In this paper, we propose a novel Retrieval-augmented Knowledge Graph (RAKG) 305
model, which retrieve entities from the external source of knowledge in the form of a 06
Knowledge Graph. Our key innovations include (i) Density matrix, where we compute the o7
relevance of KG neighborhood relationships to remove irrelevant nodes at each layer of  sos
RAKG. (ii) The bidirectional attention strategy, where we integrate the representations of 30
both questions and knowledge graphs to obtain semantic information. Moreover, R-dropout 310
can prevent our model overfitting and improve model generalization. Through both 31
quantitative and qualitative analyses, our results on CommonsenseQA and OpenBookQA 12
demonstrate the superiority of RAKG over baseline methods using the KG, as well as its 13
strong performance in performing complex reasoning paths. a14
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