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Given an entity from a source domain, how to find its matched entities from target domain?

Product-patent matching: core problem behind Apple VS Samsung

Source 1: Siri's Wiki page
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Application: Competitor Analysis (pminer.org)
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Challenge 2: How to model the
topic-level relevance probability.
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Proposed Model
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1.Electrical computers

2.Static information

3.Information sotrage

4.Data processing

5.Active solid-state devices
6.Computer graphics processing
7/.Molecular biology and microbiology
8.Semiconductor device manufacturing

Baseline method (CS+LDA, RW+LDA)

‘ Learning LDA on the source domain and target domain respectively.

Proposed model (CST)
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‘ Given an entity, ranking others as candidates according to the topic similarity.

topic distribution

Integrate topic extraction and entity

matching into a unfired framework
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Cross-Source Topic Model

Input: a dual source corpus C', a matching relation matrix L,
and hyper-parameters « and 3

foreach entiry d do

| Generate 63 ~ Dir(a):
end
% cross-sampling-based entity generation
foreach d in each source t do
Set 3 according to Lg;
Generate Aq ~ Dir(3);
forn =110 Nz do
Generate ¢4 ,, ~ Mult(Az), ¢4 5, can be d or the index
of matched entities with d;
Draw a topic z4,n ~ Mult(f., _
distribution of the entity ¢;
Draw a word wgn ~ Mult(y;, 2, ,, ) from z4 »-specific
word distribution;

end

end
% matching relation generation

regression parameter

> Variational inference for model learning

E-Step: update variational parameters:
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M-Step: update model parameters:
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foreach (d, d') with possible links do
| Generate [ g ~ p( |zd, Zar,7Y);
end
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Matching Relation Generation

Experimental Results

Product-Patent Matching Cross-lingual Matching

Task: given an English Wiki article, finding all Chinese article
reporting the same content.

Task: given a Wiki article describing a product, finding all relevant
patents.

Dataset:

2,000 English articles from Wikipedia;

2,000 Chinese articles from Baidu Baike;

Each English article corresponds to one Chinese article.

Dataset:
e 13,085 Wiki articles;
* 15,00 patents from USPTO;
* 1,000 matching relations in total.

Method P@3 P@20 MAP R@3 MRR Method Precision Recall F1-Measure F2-Measure
CS+LDA 0.111 0.083 0.109 0.011 0.046 0.053 Title Only 1.000 0.410 0.581 0.465
RW+LDA 0.111 0.117 0.123 0.033 0.233 0.429 SVM-S 0.957 0.563 0.709 0.613

RwecST| 0667 | 0167 | 0341 | 0200 | 033 | Oses

Title Only: only considers the (translated) title of articles.

SVM-S: famous cross-lingual Wikipedia matching toolkit.

LFG: mainly considers the structural information of Wiki articles.
LFG+LDA: adds content feature (topic distributions) to LFG by LDA.
LFG+CST: adds content feature to LFG by employing CST.

Content Similarity based on LDA (CS+LDA): cosine similarity between
two articles’ topic distribution extracted by LDA;

Random Walk based on LDA (RW+LDA): random walk on a graph
where edges indicate the topic similarity between articles;

Relational Topic Model (RTM): used to model links between documents;
Random Walk based on CST (RW+CST): uses CST instead of LDA
comparing with RW+LDA.

Parameter Analysis
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