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1. Introduction

= Motivation of this study

Q (Object based analysis for automation)
- If spatial objects of a certain feature type A in one spatial dataset
correspond to spatial objects in another feature type B in the other dataset
with a high probability

- Then, there is high semantic similarity between the feature types

@ (Hierarchical M:N matching for semantic analysis)
- Because of various application view point even for the same real-world,

feature type correspondence relations are complicated
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1. Introduction

= Motivation of this study

e (Information retrieval method)

- Similar problem in the field of word-document analysis (for web search)

@ (Latent semantic analysis)
- Uses Singular Value Decomposition (SVD) to simulate human learning of
word and document meaning
- Represents word and document meaning as high-dimensional vectors in the

semantic space
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2. Proposed method

= Latent semantic analysis

Q (Definition)
- a technique in natural language processing, in particular distributional
semantics, of analyzing relationships between a set of documents and the
terms they contain by producing a set of concepts related to the documents

and terms.

@ (Mathematic property)
- A matrix containing word counts per paragraph (rows represent unique
words and columns represent each paragraph) is constructed from a large

piece of text and a mathematical technique called singular value

decomgosition SSVDI is used to reduce the number of rows ...
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https://en.wikipedia.org/wiki/Singular_value_decomposition
https://en.wikipedia.org/wiki/Singular_value_decomposition

2. Proposed method

= Latent semantic analysis

@ (Mathematic property)

- ... While preserving the similarity structure among columns.

- Words are then compared by taking the cosine of the angle between the
two vectors formed by any two rows. Values close to 1 represent very similar

words while values close to 0 represent very dissimilar word
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2. Proposed method

= Latent semantic analysis
For an M x N matrix C of rank » there exists a factorization
(Singular Value Decomposition = SVD) as follows:
C=uxv!
N
MxM || MxN V'is NxN

The columns of U are orthogonal eigenvectors of CCT.

The columns of V are orthogonal eigenvectors of C'C.
Eigenvalues 4, ... A, of CCT are the eigenvalues of C'C.

T4
E@%@ Singular values.

t)( From: Manning et al. (2008) An Introduction to Information Retrieval 8/16




2. Proposed method

* Latent semantic analysis

(dy) C=uxv?t (dy)
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2. Proposed method

» Latent semantic ana VSIS
Index Words Titles —
T1[72 T3 | T4 |15 |76 |77 |78 | T9
book 111
dads 1 1
dummies 1 1
estate 1 1
guide| 1 1
investing| 1 [ 1|11 [1[1]|1][1]1
market| 1 1
real 1 1
rich 2 1
stock| 1 1 1
value s N |
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stock 0.24| -042| -0.28
value 0.13| -0.14| 0.23
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2. Proposed method

* Latent semantic analysis

XY Plot of Words and Titles
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. Experiment

. Dataset(object intersection for about 800,000 parcels in Seoul)
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3. Experiment

= Semantic SPaCE(with latent semantic analysis)
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3. Experiment
= Hierarchical clustering in the space

(with agglomerative hierarchical clustering)
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4. Conclusion

* new method for finding M:N correspondence

- by a search for the corresponding feature type—cluster pairs

for two spatial datasets using the overlapping areas of the
spatial object sets within the feature types

- the similarities of the feature types are measured and
projected onto a lower dimensional vector space after applying
latent semantic analysis

- since the feature types of high similarity are distributed close
angle to each other in the projection space, clustering analysis
is conducted to effectively find the feature types with high
similarities.
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