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Introduction

Maost of the exmsting semantic parsing methods in KBOQA focus on capiuning the semantics of ques-
tioms and relations in query graphs. The label of the relation in the first edge of the query graph is
taken as core relations for measaring similarity together with some manual featares [1, 2], Annther
approach 1o detecting individual relation with word-level is presented in [4] o improve e perfor
mance of maikching from questions o query graphs where each word of a relation is independently
represented, and relation is directly represented by integrating of its words' representations. [3] cx-
tends [4] by improving the représentation of questions and processing more complex questions.

However, current works that encode the relation semantics ina query praph mainly focus on tow as-
pects: relation-level and word-level (we denote their combination as fine-grained relation). the kstent
semantic information behind the meaning of relations s ignored, For relation-level, each rel
considered as a whole and individual wken, which pays more attention to the overall information of
the relation. The problem with this aspect is that it suffers from data sparsity in the training process.
For word-leved, the relatson is treated as a sequence of words with the lack of global information of
the original relation. In this aspect, word meanings are diversified without considering the word-level
relation that might bring nodses. For example, for relation “be subject to”, It means "o be made to
underge an unpleasond experience ™, the word-level word "swbieci ™ might Iose that meaning die 1o
iis polysemy.

In this paper, o cope with the ahove hmitations, we propose a fincd-graimed relation with leverag
ing WondNer o enhance relations representation. WordNet as o lexical daiabase for English, contains
synsctthe se1 of synoayms) lof cach word, w e instract word scase represcatation learnang and
word disambigustion. We both consider the onginal global relstion and s word-level relations with
word disambiguation
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Query graphs generation

The generation process of query graphs is shown in Figure |
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Figure L: (ruery graph generaie process
Owr approach o generating query graphs is an ilerative process. Inspired by query graphs generation
of |1], we consider § kinds of semantic constraimts: entity, type, temporaliexplicit and implicit
time), order and compane to process more complex questions. Given a natural language question,
we split it into & set of 1wkens T,

Firstly, we extract all possible entities from T with the help of the existing entity linking wol [T].
We can obtain the (mention, entity) pairs (o get the entity linking list, which will be filiered with the
soores evaluated by the entity linking (ool The st of candidate entities £ will be finally returmed.

And then, we construct new candidate graphs with a set of predefined opemtions set CHF:
Take entity, Add Type, Add Temporal{explicit and implicit), Add Compare and Add Order. Fig. |
shovws a flow path of our candidate semantic graph generation process.

Our Approach

Question Represeniation Encoding: We encode the symtactic dependency tree of a Question o a
vecior as the representation of the given question via GAT. The modole is used to provide the condi-
tion of caleulating the similarity of a question with candidate query graphs.
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Figure 2: Query graph gencrae peocess

Relation Representation: We obtain the semantic representation of relations in two steps, namely,
sense-baved artennion and hidden-relarion-baved anention (see Fig. 2). We obtain the representation
of each fined-grained relation cocurring in a query graph with leveraging WordNer, and we apply hid-
aien relation in |:|l||:s.|inm [55] uai;n w::g'ht'\. of all relations in query gruph.\. via atiention mechanism,

Experiments and Evaluations

Experimenis Setup Due o Freebase no longer up-to-date, including unavailability of APls amd
new dumps, we use the full Wikidata dump as our KB and host it with Vinueoso engine. Besides, we
adopt SpaCy as syntactic dependency parser and use Deep Graph Library (DGL) 1o transfer query
graphs into DGL graph objects, We conduct our experiments on the following two popular data sets,
namely, WebQuestionSF QALD-T.

Resulis  Our model achieves 20,9%, 13.2%, 10.3%, 6.4'% higher Fl-score compared to STAGG,
Pooled Edges, HR-BILSTM. Luo et al {2018) on WebQSP: Analogously, we achieve 5285, 54.1%,
17.EH, W.0% higher Fl-score on QALD.T. So we can conclude that our relation representation
method performs better than all baselines. Our mode] improves the Fl-score of WebQSP and QALD-
T by 4A% and 0.7 over Our (wio ELK) Hence, we can conclude that inroduce ELK o remove
word-level ambiguity can improve the performance of KBOQA. Mote that even without considering
ELK. Oun{wfo ELK) sill performs betier than other baselines, it shows the robustness of our model

Table 1. WobQSF smd QALD-T results over Wikidats
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Table 4. Ablation Hesulis on
Question Hepresentation

ke B. Ablation results on Re-
Iation Representation

We explore the contributions of various components in our model. For the ablation stsdy, we use
Fl-score as our meirics, and the resulis are shown in Table 2 and Table 3,

Conclusions

In this paper, we wtilize ELK 0 improve relation representation in KBOA. The knowledge is useful
1o extract word-level relation semantics with disambiguation. Cur approach pays more attention o
relational semantics of query graphs, which 1% an important semantic part of guestions m KBOQA. In
this sense, we provide & new method of levernging extra knowledge in KBQA
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