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Abstract. Address matching is a crucial task in various location-based
businesses like take-out services and express delivery, which aims at i-
dentifying addresses referring to the same location in address databases.
It is a challenging one due to various possible ways to express the ad-
dress of a location, especially in Chinese. Traditional address matching
approaches relying on string similarities and learning matching rules to
identify addresses referring to the same location, could hardly solve the
cases with redundant, incomplete or unusual expression of addresses. In
this paper, we propose to map every address into a fixed-size vector in
the same vector space using state-of-the-art deep sentence representation
techniques and then measure the semantic similarity between addresses
in this vector space. The attention mechanism is also applied to the model
to highlight important features of addresses in their semantic represen-
tations. Last but not least, we novelly propose to get rich contexts for
addresses from the web through web search engines, which could strongly
enrich the semantic meaning of addresses that could be learned. Our em-
pirical study conducted on two real-world address datasets demonstrates
that our approach greatly improves both precision (up to 5%) and recall
(up to 8%) of the state-of-the-art existing methods.

Keywords: Address Matching, LSTM, Attention Mechanism.

1 Introduction

Nowadays, address localization becomes a core function in various location-based
businesses like take-out services and express delivery. However, due to various
address expression standards as well as typing errors in human inputs, address
parsing and understanding becomes a big obstacle in address localization. The
problem becomes more serious for addresses in Chinese, given more complex and
diverse expression such as those listed in Table 1.

⋆ The corresponding author
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ID Address

add1 RT-MART, Danling road No.18, Haidian district, Beijing

(北京市海淀区丹棱路18号乐天玛特)

add2 RT-MART, Chuangfu Building, Danling road No.18, Beijing

(北京市丹棱路18号创富大厦乐天玛特)

add3 RT-MART, Seismological Bureau of Beijing south 50 meters, Haidian district, Beijing

(北京市海淀区地震局向南50m乐天玛特)

add4 Chuangfu Building 1106, Beijing

(北京市创富大厦1106)

add5 RT-MART, crossroad of Caihefang Road and Danling Road, Haidian district, Beijing

(北京市海淀区彩和坊路和丹棱路交叉口乐天玛特)

Table 1. An Example of Five Different Address Expressions of the Same Location

For better address parsing and understanding, address matching task has
been studied [3], aiming at identifying addresses referring to the same location
across different address databases. Traditional methods for address matching or
standardization rely on approximate string matching metrics such as edit dis-
tance, which are not robust to deal with various kinds of expressions. A more
widely-used way for address matching is to build a decision tree consisting of
learned matching rules, where each rule corresponds to a path from the root n-
ode to a leaf node on the tree. Based on this so-called address matching tree, the
similarities between two addresses could be computed. To deal with the fuzzy
expressions of the addresses, some work proposes to use the forward maximum
matching algorithm to segment the address to match entries in a standard ad-
dress dictionary, referring to the learned matching rules [1]. Some other work
also combines edit distance with space vector model to calculate the similarity
between strings [9]. They measure the dissimilarity caused by the differences in
the characters of address strings using edit distance, and calculate the dissimi-
larity caused by differences in the address terms using TF-IDF term weighting.
The final result is obtained by weighting the two dissimilarities.

However, the existing methods relying on string similarities and rule match-
ing can be easily influenced by the diverse expressions including redundant,
incomplete or unusual expression of addresses. For example in Table 1, where all
the five addresses refer to the same location. Assume we have a matching rule
that CITY+STREET+STREET NO.+POI NAME → ADDRESS, which means, addresses
having the same city name, street name, street No., and POI name should refer
to the same POI location. Based on this rule, we may identify that addr1 and
addr2 refer to the same location, but we could hardly judge that addr3, addr4
and addr5 also refer to the same location with addr1, given that addr3 is rep-
resented by the orientation information of the adjacent address, addr4 lacks the
information of poi, and addr5 uses the road intersection to describe the address.

To address the weaknesses of the existing approaches, instead of using the
syntactic features of addresses only, we turn to measure the semantic similar-
ity between addresses in this paper. Recently, deep learning techniques have
achieved great success on sentence representation, such as Seq2Seq model for
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machine translation [17] and the skip-thought model for distributed sentence rep-
resentation [7]. Inspired by the state-of-the-art sentence representation models,
we propose a novel address matching approach based on deep semantic address
representation. The challenge lies on how to learn proper semantic representa-
tions for all the addresses.

Particularly, we propose to use an encode-decoder architecture with two long
short term memory (LSTM) networks [5], where one is regarded as encoder and
the other as decoder, to learn the semantic vector representation for an address
string. In addition, due to the problems of address redundancy and addresses in-
complete, we up-sample and sub-sample the address during the training process,
then take the sampled address as the input of the encoder and use the original
address as the output of the decoder to improve the robustness of the model. We
also apply an attention layer between encoder and decoder to enable the seman-
tic vectors to represent richer semantic information by assigning higher weights
to more important features. Last but not the least, the semantic features con-
tained in an address itself is still very limited. To fully get the semantic meaning
for an address in the address domain, we would like to get extra contexts for
the address from the web with the help of Web Search Engines, such that richer
semantic meaning of the address could be learned from much richer contexts.

We summarize our contributions in this paper as follows:

– We novelly propose to measure the semantic similarity between addresses
for address matching based on deep semantic address representation.

– We propose to use an encode-decoder architecture with two LSTM networks
to learn the semantic vector representation for an address string. We up-
sample and sub-sample the address in the encoder-decoder model to improve
the robustness. The attention mechanism is also applied to the model to
highlight important features of addresses in their semantic representations.

– We novelly propose to get rich contexts for addresses from the web through
web search engines, which could strongly enrich the semantic meaning of
addresses that could be learned.

We perform experiments on two real-world datasets, and the empirical results
demonstrate that our proposed model works much better than the state-of-the-
art methods on both precision (up to 5%) and recall (up to 8%).

Roadmap. The rest of the paper is organized as follows: we give a formal
definition to address matching problem in in Sec. 2. After presenting a compound
framework for address matching in Sec. 3, we then present our deep semantic
matching approach in Sec. 4. After reporting our experiments in Sec. 5, we cover
the related work in Sec. 6. We conclude in Sec. 7.

2 Problem Definition

Address localization is a core task in various location-based businesses. Depend-
ing on whether there is a standard address database, address localization can
be divided into address standardization task and address matching task. In this
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paper, we study on the case without a standard address database, i.e., address
matching task, which is formally defined below:

Definition 1. (Address Matching.) Given a set of addresses D = {add1, add2,
..., addn}, the goal of address matching is to find every address pair (addi, addj)
satisfying addi

.
= addj, where addi ∈ D, addj ∈ D, i ̸= j and

.
= is a comparison

operator having its two operands referring to the same real-world object.
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Fig. 1. A Compound Framework with both Syntactic and Semantic Address Matching

3 A Compound Framework for Address Matching

Instead of working independently, we prefer to let our deep semantic matching
approach work under a compound framework, where the address matching rule
tree is also adopted in the Syntactic matching step before going into the semantic
matching step using deep semantic representations of addresses.

We illustrate this compound framework in Fig. 1: Given a set of addresses,
we first generate a number of candidate address pairs for matching based on
some simple heuristic rules as introduced in [19]. For instance, only addresses in
the same city and district (if any), sharing at least one word (after removing
stop words) in the left part of their address strings need to be compared. For
every candidate address pair, we use a basic address matching tree following [1] to
decide whether the two addresses could be syntactically matched in the Syntactic
matching step. If yes, the address pair will be put into the final matching results.
Otherwise, the address pair goes into the semantic matching step, where vectors
of the two addresses would be obtained from the learned deep semantic address
representation model. We then compute the similarity between candidate pairs
and decide the final matching results according to the predefined threshold. We
give more details below:
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Fig. 2. A Basic Address Matching Tree for Syntactic Address Matching

– Syntactic Matching. For syntactic matching, we adopt an address match-
ing tree containing a number of expert-defined address matching rules as
the one shown in Fig. 2, where every path from the root node to a leaf node
corresponds to a matching rule. For every candidate address pair, we would
let them traverse the whole tree in a deep-first traverse way to find if it
could strictly match with a matching rule. Once successfully matched with
a matching rule at its leaf node, the traverse process will be terminated.

– Semantic Matching. All candidate address pairs that cannot be matched
in the syntactic matching step will go to the semantic matching step. For
every candidate pair, we use the learned deep semantic address representa-
tion model to get the vectors of the two addresses, and then compute their
similarities to see if they could be matched or not according to a prede-
fined threshold. The core module of semantic matching is how we build the
deep semantic address representation model, which will be introduced in the
following section.

4 Deep Semantic Address Representation Model

It is a nontrivial task to learn a deep semantic representation model for address-
es. The general sentence representation models are built for general purposes,
but address representation is a task of a specific domain. Take the addresses
in Table 1 for example, the general sentence representation models would not
support that all the five addresses are close in semantic. But as a domain rep-
resentation model, our deep semantic representation model should learn that
“Chuangfu Building” and “RT-MART”, “Danling road” and “Caihefang Road”
are semantically close to each other in geography.

To achieve this, we should collect the corpus of the address localization do-
main for model learning. In this paper, we propose to collect the address corpus
from the web with the help of web search engines, given the assumption that
all the addresses should be mentioned, wholly or partially, at somewhere on the
web. Therefore, we may learn contexts for all these addresses and then learn
deep semantic representations for them from the contexts.
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We learn the deep semantic address representation model in two stages. In the
first stage, for every address in the training set, we crawl the latest news about
it on the web through web search engines, and treat these news as our corpus.
Next, we use the corpus to enrich the semantic information of the addresses
and employ Word2Vec [12] to train our word vector. In the second training
stage, we propose to use a encoder-decoder model with attention mechanism to
represent sentence vectors. Different from the traditional model, we here replace
one hot representation with the pre-trained word vectors as the initial vectors,
which helps to capture more semantics.

In the rest of this section, we first introduce how we get extra contexts for a
given address from the web and perform domain word2vec training in the first
stage in Sec. 4.1, and then present the encoder-decoder model with attention
mechanism for deep semantic address representation in Sec. 4.2.

4.1 Stage 1: Word Embedding for the Address Domain

There are plenty of contexts on the Web where rich geographic semantic in-
formation can be captured. Let A = {e1, e2, e3, ..., en} denote a collection of
elements of an address which can be gotten with word segment tool [12]. For
every address element ei, we use Web Search Engines to obtain a collection of
web page, denote as Wi = {pi1, pi2 ,pi3, ..., pim}. Therefore, for an address,
there are a total of n × m pages. In order to remove irrelevant web page, we
use a vector space model (VSM) for representing a collection of web pages to
calculate a score for each page. Specifically, each web page is represented by
a document vector consisting of a set of weighted keywords. Keywords in each
web page are address elements. The weights of the address element in each web
page vector are determined according to the term frequency inverse document
frequency (TF-IDF) model. The weight of ei in web page pj(1 < j < n × m),
denoted as w(ei, pj), which can be calculated by the following formula:

w(ei, pj) = Num(ei, pj)× log
m× n+ 1

k
(1)

where Num(ei, pj) denotes the number of occurrences of ei in web page pj and k
is the number of web pages which contain element ei. After that, we can calculate
a score for every web page by the following equation:

score(pj) =

n∑
i=1

w(ei, pj) (2)

Next, we select the web pages with high scores, e.g. larger than a predefined
threshold, and then extract contexts from the web pages. These contexts are used
as the training corpora to train the word vectors related to address elements by
using the Word2vec technique. A general corpus, Chinese Wikipedia [14], is also
utilized to pre-train word vectors before using the web pages for address domain.
After that, for every address element ei ∈ A, we can get its vector xi. Finally, we
can obtain a collection of word vectors W = {x1,x2, ...,xn} for every sentence.
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4.2 Stage2: Deep Address Representation Learning

In the second training state, we focus on learning the address representation with
encoder-decoder model. Specifically, we apply LSTM on the encoder model and
decoder model respectively. In addition, we utilize predictor model to predict
the next sentence. In order to solve the problems of address redundancy and ad-
dresses incomplete, we upsample and subsample the addresses from the original
training set to construct a new training set. That is, we use address matching
rules to determine which address elements are unessential. After that, we remove
the unessential address elements so that the addresses can be represented in d-
ifferent forms and we can also artificially add duplicate elements to the address.
Next, we take the sampled address as the inputs of the encoder and use the
original address as the output of the decoder to satisfy that the semantics of
addresses with incomplete or redundancy are close. Furthermore, we apply the
attention mechanism on encoder-decoder model and encoder-predictor model
such at the important features can be emphasized by assigning higher weights.
(1) Encoder-decoder Model with Attention. Firstly, the encoder reads the
input sentence one-by-one which is an address or a sentence from web corpus.
Note that the address or the sentence here has been initialized by the word
embedding shown in section 4.1, i.e. W = {x1,x2, ...,xn}. Next, in a certain
time step t of LSTM, there are three gates in a LSTM time step, input gate,
forget gate and output gate respectively, denoted as it, ft and ot. They are
composed of a sigmoid neural net layer and a pointwise multiplication operation
and their values range from 0 to 1. Let H = {h1,h2, ...,ht} be the set of hidden
state for each sentence from the inputs. We use the following equations to get
the hidden state ht for the time step t. We first need to forget the old subject
when we meet a new subject. And we decide which information we are going to
throw away from the previous hidden state ht−1 with the Equation (3):

ft = σ(wf ∗ ht−1 + wf ∗ xt) (3)

The next step is to decide what new information we are going to store in the
current state. And input gate decides which values will be updated as follows.

it = σ(wi ∗ ht−1 + wi ∗ xt) (4)

Next, a tanh layer creates a vector of new candidate values c̃t:

c̃t = tanh(wc ∗ ht−1 + wc ∗ xt) (5)

After the forget gate and input gate have been computed ,it is time to update
the old memory state ct−1 into the new state ct.

ct = ft ∗ ct−1 + it ∗ c̃t (6)

where ct denotes the memory state in time step t. Finally, we need to decide
what we are going to output. Specifically, we run a sigmoid layer to decide which
parts of the cell state are going to output.

ot = σ(wo ∗ ht−1 + wo ∗ xt) (7)
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Then, we put the memory state through tanh to push the values between
-1 and 1 and multiply it by the output of the output gate. Therefore, we can
output the parts.

ht = ot ∗ tanh(ct) (8)

where wf , wi, wc, and wo denote weights of each part. In this way, the entire
input sentence are mapped as a fixed-length vector which is then provided as an
input to the decoder model. Then, the decoder outputs a sentence by decoding
the hidden stage into the input sentence in the same manner. This process is
shown in Figure 3.

Due to the hierarchical relationship of address elements, we want to determine
which part of the input is most responsible for the current decoder output.
Therefore, we adjust our model by adding attention mechanism. Suppose that
et denotes the input word embedding at current step t and ht−1 denotes the
hidden state decoder at previous time step t − 1. Attention model would first
mix encoder output vector ht−1 with current input word embedding et .

vt = f(ht−1,et) (9)

where vt is the weight of each word vector. Generally, f is a simple feed-forward
network with 1 or 2 dense layers. After that, we normalize the vt with the
following equation:

wt =
exp(vt)∑N
t=1 exp(vt)

(10)

where N is the number of words contained in a input sentence. Then, the final
fixed length vector v can be calculated as follows:

v =

N∑
t=1

wtht (11)
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Fig. 4. The Illustration of Encoder-predictor Model.

In this way, the important words are weighted with the higher scores and then
we can use information from these words to construct the fixed length vector. In
addition, it can take variable length inputs instead of the fixed-length inputs.

(2) Encoder-predictor Model with Attention. This model is used to predict
the next sentence and obtain the geographic semantic information. Different
from the encoder in the encoder-decoder model, the input of encoder in the
encoder-predictor model is just a sentence in the web corpus. And the predictor
is designed to predict the following words based on the previous state. And
the attention mechanism is also used in the same way. Here, we employ the
conditional probability to output the sentence with the highest probability:

p(y|v) =
N∑
t=1

p(yi|y1, ...,yi−1,v) (12)

where yi is defined as the output of the predictor at time step i. All the words
in the sentence are sequentially generated using the LSTM until the end of the
sentence symbol is generated. The training objective is to maximize the condi-
tional probability over the corpus using stochastic gradient descent. Especially,
y0 is defined as a zero vector. After that, we store the optimal parameters of our
model for the training set. The process of the encoder-decoder model is shown
in Figure 4.

Finally, we use the trained model on the testing set to build vectors of ad-
dresses. Specifically, for a given address pair (addri, addrj), we use equation 11
to obtain the vectors, denoted by vi and vj respectively, then calculate the
similarity between the two addresses as follows:

sim(addri, addrj) =
vi × vj

∥ vi ∥ · ∥ vj ∥
(13)
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5 Experiments

This section presents our experimental results. We run the experiments on the a
server with a GTX-1080ti gpu, four-core Intel Core i7 processor, 16GB memory,
running centos. All the models are implemented using Theano [18]. The size of
word embedding dimensionality is set as 300 and the learning rate for all models
is 0.0002.

5.1 Datasets and Metrics

For evaluation, we compare our proposed method with several existing state-of-
the-art methods on two real-world datasets below:

– POI. We collect addresses from a Chinese POI website 1 where every POI
has one corresponding address. This dataset contains 200k pieces of POI
addresses. The expressions of addresses in this dataset are diverse and they
also have some redundant or incomplete information.

– Company. We also crawl addresses on two food review websites 2 3 and one
company information query website 4. This database contains 10k compa-
ny addresses. The problems of the redundant, incomplete information and
diverse expressions for addresses in this dataset becomes even worse.

Metrics. We basically use three metrics to evaluate the effectiveness of the
methods: Precision: the percentage of correctly matched pairs among all ad-
dress pairs. Recall: the percentage of correctly matched pairs among all address
pairs that should be matched. F1 Score: a combination of precision and recall,
which is calculated by F1 = 2∗precision∗recall

precision+recall .

5.2 Methods for Comparison

In this section, we introduce our proposed method DeepAM with the existing
methods including String-Based method, Dictionary-Based method, and Ad-
dress Matching Tree method. We also illustrate the effectiveness of our Stage1
training process with the DeepAM without Stage1 method.

– The String-Based method combines the vector space model and edit distance
to calculate the address similarity.

– The Dictionary-Based method uses a place-name dictionary to parse the
address elements such that it can reduce the effect of place-name ambiguity
on address matching.

– The Address Matching Tree (AMT for short) method builds up a rule-based
matching tree and applies it to do address matching by transforming address
matching tree into a set the matching rules.

1 www.poi86.com
2 www.dianping.com
3 www.meituan.com
4 www.qichacha.com
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– The DeepAM method utilizes Web Search Engines to get extra contexts for
the address as the corpus and uses an encoder-decoder architecture with two
LSTM networks to get the address representation. The vectors of address
pairs are built based on the model to compute the similarities.

– The DeepAM without Stage1 method deletes the Stage1 training process and
uses the traditional one-hot representation to initialize the encoder-decoder
model in the Stage2 process.

5.3 Comparisons with Previous Methods

In this section, we compare the effectiveness of our proposed address matching
method with the mentioned methods above.

As is shown in Fig 5, the String-Based method has the lowest F1 scores, be-
cause it just considers the address similarity based on string which cannot tackle
the problem of diversity well. The accuracy of the Dictionary-based method is
lower than the AMT method since it greatly relies on the quality of place-name
dictionary. Our proposed DeepAM method performs best all of them in that it
extracts the geographic information from the web and use sentence representa-
tion model to learn the deep semantic information. We can also see that the F1
score of the DeepAM without Stage1 method is worse than the DeepAM model
because of the lack of rich contexts on the web. In addition, we compare the

Methods
POI Company

Precision Recall F1 Score Precision Recall F1 Score
String 0.6854 0.6232 0.6528 0.7015 0.6753 0.6881

Dictionary 0.7504 0.6854 0.7164 0.7432 0.6939 0.7177
AMT 0.7752 0.6843 0.7269 0.7945 0.7332 0.7626

DeepAM without stage1 0.8032 0.7437 0.7723 0.8159 0.7698 0.7921
DeepAM 0.8249 0.7674 0.7954 0.8372 0.7736 0.8041

Table 2. Comparing with Previous Methods on Precision and Recall on Two Datasets
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Precision and Recall of these methods on the two datasets. As is listed in Ta-
ble 2, the DeepAM method also reaches the highest precision and recall among
all methods, which is followed by the DeepAM without stage1 method with the
second highest values. We can see that the Stage1 training process in our model
works well and improves the precision and recall both by about 2%. The pre-
cision and recall of AMT method is better than Dictionary-based method and
String-based method is the worst one.

5.4 Evaluation of Quality of Web Contexts

In this section, we evaluate the influence on the matching precision for the quality
of web contexts. As shown in Figure 6 (a), the precision of DeepAM method first
rises when the percentage of web contexts increases, and it reaches the highest
points at 0.4. After that, it has a little drop. This indicates that the model
learns richer semantic information when it has lager web contexts in the address
domain. But when this figure continues to go up, it shows a decreasing trend
since the irrelevant web content has a negative effect. We can also see from
Figure 6 (b), for the Company dataset, the experimental results show a similar
variation tendency for the precision.

 0.7

 0.8

 0.2  0.4  0.6  0.8  1

P
re

ci
si

on

Percentage of Web Contexts

DeepAM

(a) POI Dataset

 0.7

 0.8

 0.2  0.4  0.6  0.8  1

P
re

ci
si

on

Percentage of Web Contexts

DeepAM

(b) Company Dataset

Fig. 6. Effect of the Quality of Web Contexts

Lastly, we list some examples of web contexts we get for some example ad-
dresses in Table 3. As can be observed, theses web contexts contain rich semantic
information about addresses, which is beneficial to get more accurate sentence
representation, such as the location, adjacent objects and so forth.

6 Related Work

Given the complexity and diversity of address expressions, it is difficult to form
a unified standard address model and geocoding standard, which results in the
hardness of address data sharing among different government sectors and indus-
tries. To tackle the problem, a wide variety of methods have been proposed for
address matching and address standardization.
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Address element Context

Chuangfu Building

Chuangfu Building is located at No. 18 Danling Street, Haidian District.

The total construction area of Chuangfu Building is 30,408 square meter-

s, including 17 floors above ground and 3 underground floors. Chuangfu

Building is adjacent to Sihuan, Zhongguancun Street and Caihefang Road,

enjoying the convenience of the city. The supporting facilities around

Chuangfu Building are complete: close to the Municipal Industry and

Commerce Bureau, the Earthquake Administration, major ministries and

political organizations.

(创富大厦由北京海淀科技园建设股份有限公司开发的,创富大厦项目总建筑面

积30408平方米，其中地上17 层，地下3层。创富大厦毗邻四环、中关村大街和彩

和坊路，尽享都市便捷。创富大厦周边配套设施齐备：紧邻市工商局，地震局和各

大部委及政要机构.)

Chuangfu Building is located in the central location of modern science

and technology development. It is located in the southwestern corner of

Zhongguancun West District. It is located at the crossroad of Danling

Road and Caihefang Road, west of Suzhou Street and south of Haidian

South Road.

(创富大厦位于现代科技发展中心性区位, 中关村西区内的西南金角位置, 雄踞于丹

棱路与彩和坊路交叉路口,西邻苏州街,南依海淀南路.)

......

Wangfujing Street

Wangfujing Commercial Street has a large number of large shopping mall-

s from south to north. There are Dongfang Xintiandi in the southeast

of Wangfujing Commercial Street, Wangfujing Department Store in the

southwest, and New Dong’an Market in the northeast, forming the Wang-

fujing Commercial Street.

(王府井商业街有南到北的大型商场很多，有位于王府井商业街东南的东方新天地，

西南的王府井百货商场，还有在东北的新东安市场，组成了王府井商业街.)

Wangfujing street, located in the north side of east Changan street in the

center of Beijing, is a famous commercial district with a long history for

hundreds of years.

(王府井步行街，位于北京市中心的东长安街北侧，是具有数百年悠久历史的著名商

业区)

......

Table 3. An Example of Web Contexts

Traditional methods for address matching rely on approximate string match-
ing metrics such as edit distance, which are not robust to deal with various kinds
of expressions. Some other work also combines edit distance with space vector
model to calculate the similarity between address strings [9]. They measure the
dissimilarity caused by the differences in the characters of address strings using
edit distance and calculate the dissimilarity caused by differences in the address
terms using TF-IDF term weighting. The final result is obtained by weighting
the two dissimilarities.
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A widely-used way for address matching is to build a decision tree consisting
of learned matching rules, where each rule corresponds to a path from the root
node to a leaf node on the tree. Based on this so-called address matching tree,
the similarities between two addresses could be computed. Kang et al. propose
an address matching tree model based on the analysis of the spatial constraint
relationship of address elements [11]. This method has a higher address matching
rate, but it needs to establish a variety of complex address models and needs
to determine the spatial constraint between the address elements. An improved
hash structure-based maximum inverse matching algorithm is proposed [2]. This
method can make full use of the hash function to improve the retrieval efficiency,
however, it also has the disadvantage of being sensitive to the address hierarchy.

Some recent efforts propose to do address matching based on the semantic
analysis to the addresses. They get the semantic vectors of address expressions
and then apply them to compute the similarity to decide the matching results.
Song et al. apply the Chinese word segmentation and semantic inference (HMM
model) in natural language processing to deal with unstructured Chinese ad-
dresses [16]. The disadvantage of this approach has a strong dependence on the
HMM model training set, and it requires a large number of addresses to train
the model. Pu et al. convert the task of address matching to the comparison
of semantic distance on Bayesian network [13]. However, it can not accurately
identify multiple ambiguous addresses.

The process of translating manually written addresses into a certain digital
format is known as address standardization. There are also some researches on
Address Standardization [4, 6, 8]. A method based on trie-tree and finite state
machine is proposed in [10] which focuses on the problem of inaccurate word
segmentation. They use trie-tree to realize chinese word segmentation and apply
finite state machine to match each layer of address. However, address hierarchy
is too complex resulting in low matching efficiency. In addition, Wang et al.
propose a standardization method based on the Euclidean distance between the
address to be processed and the address in the standard library, but it only
works well on some specific data sets. [20]. Furthermore, Shikhar et al. use a
fully connected neural network with a single hidden layer to tackle the syntactic
and semantic challenges in a large number of addresses [15]. However, it needs
a large of labeled training samples.

7 Conclusions and Future Work

Address matching is a crucial task in various location-based businesses like take-
out services and express delivery. In this paper, we novelly propose to measure
the semantic similarity between addresses for address matching based on deep
semantic address representation. We propose to use an encoder-decoder archi-
tecture with two LSTM networks to learn the semantic vector representation for
an address string. We also propose to get rich contexts for addresses from the
web which could strongly enrich the semantic meaning of addresses that could
be learned. Our experiments conducted on two real-world datasets demonstrate
that our proposed model works much better than the state-of-the-art methods
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on both precision (up to 5%) and recall (up to 8%). In our future study, we con-
sider to involve more geographical information into the deep semantic address
embedding.
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