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Abstract: Address parsing, decomposing address strings to semantically
meaningful components, is a measure to convert unstructured or
semi-structured address data to structured one. Flexibility and variability in
real-world address formats make parser development a non-trivial task. Even
after all the time and effort dedicated to obtaining a capable parser, updating or
even re-training is required for out-of-domain data and extra costs will be
incurred. To minimise the cost of model building and updating, this study
experiments with active learning for model training and adaptation. Models
composed of character-level embedding and recurrent neural networks are
trained to parse address in Taiwan. Results show that by active learning,
420 additional instances to the training data are sufficient for a model to adapt
itself to unfamiliar data while its competence in the original domain is retained.
This suggests that active learning is helpful for model adaptation when data
labelling is expensive and restricted.
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1 Introduction

Address parsing is a process of decomposing an address string to semantically
meaningful components. Commonly, the components correspond to administrative
divisions, place names, spatial features, and numbering systems, depending on the
address system of interest. A wide range of fields and industries have recognised the
advantage of applying address parsing. In the industry of postal and delivery services, the
potential of address parsing for cost reduction is notable (Sharma et al., 2018). Abid et al.
(2018) combined computer vision and a postal address parser to automatically recognise
and annotate postal addresses on parcels. Record linkage, a task mapping records in
disparate sources, is another prominent motivation that propels the development of

Copyright © 2023 Inderscience Enterprises Ltd.
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address parsing (Churches et al., 2002). Since address is basic information appearing in
documents, records, and datasets, joining data in different sources on shared addresses
helps make the best use of information, yielding added value to further applications and
practices. A specific example is geocoding. Geocoding is a task of transforming textual
addresses to coordinates. It relies on parsing addresses to representations consistent in
formats with address indices in a geospatial database from which coordinates of the
matched index can be retrieved (Mokhtari et al., 2019). This study was inspired by a task
of record linkage and geocoding, particularly linking House Tax data of Taiwan to a
geospatial database to obtain a building database of Taipei City in Taiwan. Due to the use
of abbreviations and synonyms, flexibility in address structures, inconsistencies in
individuals’ habitual use, and even simply mistakes, one identical location may be
indexed by addresses in various literal representations (Wang et al., 2016). Parsing
addresses and standardising the forms can facilitate entity matching (Kiigiik Matci and
Avdan, 2018).

Despite all the benefits address parsing brings, developing an address parser is not an
easy task. Traditionally, address is parsed using hand-crafted rules. However, real-world
address data have a range of forms, and flexibility in the address components as well as
structure adds more complexity to the task. Formulating rules that exhaustively attend to
all features is labour-demanding. The whole system may end up being stuffed with a bulk
of rules, making it too complex to be maintained and updated. New approaches based on
machine learning (ML) algorithms ease human workloads in identifying features for
classification and render a certain extent of generalisation. Still, diversity and flexibility
in the address forms and structure impose a challenge on the preparation of labelled data
for ML. Collecting a large enough dataset with labels properly annotated is expensive.
Limited access to labelled data either impedes training of parsers at the first place or
restricts applications of the developed parser.

One promising solution is active learning, a training scheme operating counter to
conventional passive learning. Active learning works based on an assumption that
allowing a developing model to select instances informative for its own learning helps
improve effectiveness and efficiency. To put it simply, active learning transforms a
learner (i.e., a developing model) from ‘passively’ receiving labelled training data in bulk
to ‘actively’ selecting instances to be labelled by the ‘oracles’ (human annotators)
(Settles, 2010). The learning process starts with training an initial model on a small
labelled dataset. The trained model then scans through all unlabelled data and selects
instances to be labelled based on a predefined query selection strategy (e.g., selecting
instances that the current model is least certain about). Afterwards, the newly labelled
data will be added to the training set, and another round of training, querying, and
labelling will continue till the termination criterion is fulfilled. This iterative learning
scheme makes the whole training process more economical with less expense in data
preparation in bulk while, at the same time, comparable or even improved performance
can be achieved as compared to passive learning (Gal et al., 2017; Shen et al., 2017). This
training procedure is especially useful when unlabelled data is cheap and abundant, but
labelled data is scarce and expensive.

In this study, we compared the effects of passive and active learning procedures on
training a competent and general address parser. We constructed a neural network (NN)
based model using the bidirectional recurrent neural network (RNN) architecture. RNN is
a specialised NN designed for sequential data where each token is dependent on its
preceding and/or following tokens. Regarding active learning, we adopted uncertainty
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sampling by which instances the model is most uncertain about are selected. Considering
costs and effects, we modified the typical pool-based approach where only one instance is
selected each time. Instead, by our design, five least confident instances are selected in
each iteration. Finally, five models constructed with the same model architecture were
obtained following either passive or active learning procedures with different training
data. Comparison of model performance was made to figure out two main research
questions:

1 Is active learning an economical method to train an address parser?

2 Does active learning help improve model generalisation when a model is to be
updated for new data?

Five models were trained for experiments to answer the research questions, using
addresses of Taipei City as in-domain data and New Taipei City as out-of-domain data.
First of all, we examined whether the typical passive learning that requires a large
amount of labelled data is advantageous over the active learning where a remarkably
small set of data is labelled for training. Second, we tested the effectiveness of passive
learning and active learning when an equal amount of training data was given. We
further tested generalisation ability of all models on labelling a new dataset composed of
out-of-domain data. Finally, we experimented with a hypothesis that greater
improvements can be made in the model’s performance on the out-of-domain data after
active learning is applied again with a selection of new instances from New Taipei City,
as compared to a model trained with random instances of the same size.

The learning curve of active learning suggests that the modified active learning
procedure is effective in timely self-adjustment, preventing the model deviating much
from the optimal one. However, if the initial model for active learning has achieved high
accuracy in the first place, active learning may risk leading to a weaker model at the end
due to the unstable learning curve as more and more noisy instances are selected and
added to the training data along the iteration. Despite the pitfall, active learning was
found particularly effective in tuning a trained model for domain adaptation and, at the
same time, retaining or even improving its competence in the old data.

The main contributions of this study include:

1 an example methodology of building an effective parser of Chinese address

2 ademonstration of applying active learning to adapt an existing model at lower cost
with less data labelling required.

2 Models of address parsers

The techniques of address parsing have long been studied using various methods. There
are roughly two major types, the rule-based approach and ML based approach, which can
be further divided into two types, probability models and NN models. In the following,
models in literature will be introduced with their pros and cons elaborated. A summary is
provided in Table 1.

Rule-based approaches are relatively accessible as compared to ML based
approaches. As the name suggests, it leverages hard coded declarative rules derived either
from existing regulations or from domain knowledge. Advocates of this approach in
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information extraction, of which address parsing can be viewed as a sub-type, endorse its
interpretability, ease of maintenance, and error traceability and fixability (Chiticariu
etal., 2013).

Table 1 Comparison of address parsing models
Methodology Pros Cons
Rule-based Interpretability; tractability and Relying on expert knowledge;
approach fixability of errors limited generalisation; complex
rule programming
Probability Requiring less training data; Limited by assumptions
model exploitation of established knowledge (e.g., independence assumption in
(e.g., probabilities of the observed HMM)
states)

Neural network State-of-the-art approach; free of Black box; requiring a large

assumptions; stronger generalisation; amount of labelled training data

requiring less domain knowledge

The rule-based approach, however, is considered weak in generalisation and requires
domain knowledge as well as skillful rule-programming (Abid et al., 2018; Churches
et al., 2002). Alternatively, the ML based approach is advantageous in generalising and is
more tolerant of variability in input data. Churches et al. (2002) used hidden Markov
model (HMM), a probabilistic machine that considers the transition probability of the
hidden states (or labels in address parsing) and the emission probability of the hidden
states to the observed states (tokens to be labelled), to obtain a chain of labels that
maximises the joint probability with the observed sequence. The HMM approach is found
on par with rule-based approach.

Conditional random field (CRF) is another competent probabilistic model in sequence
labelling, especially in named entity recognition (Waszczuk et al., 2013) and automatic
speech recognition (Palaz et al., 2013). Similar to HMM, CRF takes the neighbouring
context into account while the objective of CRF is to maximise the conditional
probability of a label given an input token. Before the NN-based approach prevail
sequence labelling tasks, CRF was the most popular option. Several studies have shown
that CRF is more robust than HMM (Comber and Arribas-Bel, 2019; Wang et al., 2016).
The advantage of CRF over HMM is that expert knowledge can be exerted in extracting
relevant features that facilitate model performance while the latter relies simply on the
surface sequential order and the relation between labels and tokens.

NN based approaches are state-of-the-art in sequence labelling and information
extraction. For the input, some researchers continue to depend on human knowledge and
judgements about features that provide critical information for the model to learn and
accomplish a task (Sharma et al., 2018). Since feature extraction is computationally
expensive, most studies turn to word representations, which is to convert categorical data
(words, characters, or other units depending on the data granularity used) to distributed
representations (or vectors) by a pre-trained layer, mostly word2vec (Mikolov et al.,
2013) or BERT (Devlin et al., 2019). As for the design of the classifier/parser, long short-
term memory (LSTM) (Abid et al., 2018; Craig et al., 2019) and sequence-to-sequence
(seq2seq) (Yassine et al., 2020) are popular model architecture. Mokhtari et al. (2019)
compared different NN architecture on tagging address queries in map search. Results
showed that the performance of the seq2seq surpasses LSTM. Still some other
researchers took the probability model and NN model together and made the most of the
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advantages of the two (Kong et al., 2016; Lample et al., 2016). Though LSTM and
seq2seq are frequently used architecture, in this study we adopted vanilla RNN, the basic
architecture designed for sequence data, to build the parser. The basic model architecture
requires computational resources less, aligning with our goal to develop an address parser
in an efficient and economical way. Results will show that the vanilla RNN architecture
is robust enough for our data and training objectives.

ML approaches have made a cornerstone in address parsing, but studies in literature
face common problems associated with training data scarcity. To train an ML model that
solves real-world problems is to expose the model to a training dataset that represents
authentic situations. Since readily available labelled datasets are usually monotonous and
restricted in scope, to obtain a dataset representative enough for training, and, at the same
time, to contain the costs of labelling, many researchers opted for synthetic data. That is,
data is artificially generated following observed patterns to approximate various forms,
such as missing values, misspellings, and multiple values (Abid et al., 2018; Lin et al.,
2020; Mokhtari et al., 2019). Despite adding diversity to the training data, synthetically
generated data is still relatively less complex and lacks variability. A trained model may
end up detecting the human-made patterns for data synthesis and learning to label
addresses by those patterns instead of by the underlying patterns that we expect it to
acquire. Moreover, address systems may vary from place to place. Even for addresses of
the same language in the same country, address formats differ because of administrative
hierarchy, city planning or urban-rural gaps, and local conventions or colloquial usage.
Previous studies pertaining to address processing admitted the limitations of their models
when being applied to addresses outside of the realm of their training data (Lin et al.,
2020; Xu et al., 2020).

To exploit the powerful ML algorithms in address parsing, the problem pertaining to
the scarcity of training data should be addressed to ensure the capability and
generalisation of the trained model. In this paper, we will show how active learning can
serve as an effective solution.

3 Features of address

Address in Taiwan is the target of this study. In this section, features of address in
Taiwan and some atypical features that characterise addresses in House Tax data will be
elaborated. Methods catering to those features will also be stated.

3.1 General features of address systems and address in Taiwan

Features of an address system are mainly attributed to:
1  intrinsic features of the language
2 the standard address structure.

To start with, unlike English where a space sits between words, there is no natural word
separator in Chinese. A Chinese address is a consecutive sequence of Chinese characters
together with digits, symbols, or alphabets. If the granularity of input is set to be word,
data pre-processing for word segmentation is required with word segmentation tools, like
CkipTagger (Li and Ma, 2019) and Jieba (Sun, 2020). Figure 1 displays an example of
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address in Taiwan and the form after being segmented into words (with English
translation of each segment provided below). However, it should be noted that
segmentation tools are usually developed based on corpora of general language use;
highly specialised language for location indexing seems on the margin of its usage
domain (Lin, 2021). Previous researchers have noticed that the quality of segmentation
imposes a remarkable impact on the model’s learning outcome (Chang et al., 2016). One
solution catering to the potential segmentation failure is to add gazetteers to the
dictionary (Lin et al., 2020) to encourage or force words listed in the dictionary to be
returned. The problem is that a gazetteer with an exhaustive list of place names is not
always available.

Figure 1 An example address in Taiwan and word chunks (see online version for colours)

Original | Z2AbR LI 5 K = B2008% ,
Segmented | WALM  KWE  EXH B 2003
‘byword ! Taipei City Da'an Dist. Xinhai Rd. - Sec. 3 No. 200

To evade the potential noises caused by segmentation errors, in this study, the level of
granularity was set to be character. While word is commonly agreed to be the
fundamental semantic units, in Chinese address, a semantically meaningful chunk is
mostly marked by suffixes at the character level (e.g., the character # for the road name,
and 5% for the house number). As long as a model can learn the significance of these
suffix characters, we assume that it is able to identify the semantic meanings of chunks
separated by suffixes and assign corresponding labels.

Another key factor that dominates addresses is the structure that determines
constituents and their orders. In Chinese, address items are ordered from general items to
specific items, whereas in English, the order is reversed, i.e., from specific to general.
Therefore, a successful address parser is supposed to be able to recognise address
structures. The importance of knowledge acquisition about address structures is also
observed by Yassine et al. (2020) who proposed a model for multinational address
parsing and found that this model could yield acceptable performance on addresses in an
unfamiliar language with its structure similar to that of the training data; however, if the
condition was reversed, in familiar languages but with alien structures, the performance
dropped sharply. According to the level of rigor and the use of spatial relations for
location references, address systems can be categorised to three types, structured,
semi-structured, and unstructured. The degrees of difficulty for automatic address parsing
increase as the address type moves toward the unstructured end since more relevant
background knowledge would be required (Javidaneh et al., 2020).

The target of this study inclines toward the semi-structured type since flexibility holds
to some extent. Table 2 summarises the address components and structure in Taiwan. The
field names are arranged from top to bottom following their standard sequence in address.
Sub-components are subordinate to the main field as further division, if any. Some
components may be absent in an address for different reasons. The first reason is that a
division may not be applicable. For example, for some roads not further divided into
sections, section would then be absent in the field of Road. Secondly, some address fields
can be omitted without causing ambiguity or a failure of identification. Tract and
Neighbourhood are two fields frequently omitted.
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Table 2 Address components and examples
Field name Sub-components Suffixes/indicators Example
City %, i =k
Town T, 48, 1, [ KL &
Tract A, B ELFE
Neighbourhood #ih 5H8
Road s, 1, K S
Section B EX B
Lane e 155
Alley I 155%
House number e 58%%
Sub-number Z, - 58-1%%
Qualifier e, BR585%
Ground floor I SHE
Unit Z, - 5HEZ]
Basement R M E
Floor 1 g HiF 5
Unit Z,- MRS 1

Aside from the above-mentioned flexibility in address fields, values of the fields are
allowed to deviate from the standardised form as long as comprehensibility is maintained.
Elements reaching to the tail of an address are especially less restricted. particularly, the
house number and floor (ground floor/basement) have values in quite diverse patterns.
Indicators of ground floor and basement are not limited to those presented in Table 2. To
name a few, for number, 58-1#Z (No. 58-1) is equivalent to 58 #£1 as well as 5821 #Z
for ground floor, 5## (5th floor) is equivalent to 5/% as well as 5/Z# Additionally,
abbreviations (e.g., 7777 for #7£777) and interchangeable characters (e.g., 77and &, and
digits and Chinese numbers) further contribute to variability in address components.
These features together increase complexity of address parsing.

Due to the high variability, the training data size is supposed to be large so that
instances of various patterns can be included as much as possible. However, labelling a
tremendous dataset is expensive and time consuming. Active learning is supposed to be a
feasible solution to this challenge. Query selection algorithms of active learning ensure
that the selected and labelled instances are informative for model development so that the
invested time and labour are not wasted on types of instances that the model has already
learned how to label.

3.2 The data source and features of the data

The address data used in this study were extracted from the location description of tax
objects recorded in the House Tax data of Taiwan. The House Tax data record every
single tax object, particularly buildings/constructions, with attributes documented, e.g.,
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floor area, the structure type, and the location description. The location description is
primarily structured address for houses that have a formal house plate. However, since
tax objects are constructions of various types, other than a house, such as an apartment, a
parking lot, and other infrastructures, for constructions with no house plate or more than
one house plates, the field of location description contains unstructured description that is
prone to ambiguation (Abrol et al., 2013). Data of this type have the following features
making them distinct from common postal addresses:

1 For places that have no house plate or have not yet registered for one at the time
when taxation initiated, their locations may be described by their positions relative to
nearby reference points, which may be a house with a formal address, road
intersections, or landmarks. Figure 2 exemplifies an address entry containing
position descriptions that tell the intended object is located on the left front
151 meters from the reference address. In other cases, supplementary information
may be added to specify the objects, e.g., the community name or the building name.

Figure 2 Example of an address with position descriptions (see online version for colours)

s BT HE ALE KGR 4 D1% 62 O?—f— 34m EHH L5 1AR

Description iCity Tom}i Tract Road Lane Alley \Iumbeq Posﬂlondescnphoni

2 A tax object may be a building that is shared by several households each of which
has their own house plates. Therefore, the location description may be a string with
multiple addresses concatenated. Figure 3 is an example of one single address entry
with multiple house numbers concatenated. An entry may also contain two road
names and multiple house numbers (see Figure 4). Entries of this type denote one
single building located at the intersection of two roads; therefore, households in the
same building facing different roads have different road names in their addresses.

Figure 3 Example of an address entry with multiple numbers (see online version for colours)

Terms E%-ff-ffil— 1‘35;@; 12\ L Bl s gl jb-ith

Description Road Lane ‘ Multiple numbers

Figure 4 Example of an address entry with multiple road names and numbers (see online version
for colours)

Te’msé %%120\122\124?‘% 1‘%%#&2\4 6~ Sﬁ

Description Roadl Multiple numbers ' RoadZ Multiple numbers

Since we intended to build a building database containing building attributes and
geospatial information by relating the House Tax data to a geospatial database, for
address entries with multiple addresses embedded, only one would be extracted as the
representative of the building. As for instances with position description, the proximity of
the intended location to the reference point was assumed. Thus, the location of the
reference point would be used as a substitute for the real location.
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4 Methodology

4.1 Data pre-processing

House Tax data of Taipei City and New Taipei City were used for training and
experiments. To be computationally economical, data pre-processing was reduced to as
simple as three steps. First, half-width spaces emerging among an address string were
removed. Half-width spaces in the original data serve as a separator, separating the
address from the entry index; thus, spaces amid a string should be removed for the sake
of future application. Second, digits and alphabets were replaced with special characters
D and 4. Digits and alphabets are critical reference information for location indexing, but
for address parsing, so long as the parser can identify their status as digits and alphabets,
the value is not important. Finally, special characters s and e were added at the start and
end of each address as a cue for the parser to recognise positions of input tokens relative
to the left or to the right end of a string. One pre-processed example is provided in
Figure 5.

Figure 5 An example of the pre-processed address (see online version for colours)

(Original | HIAAZEE VL2008

;Preprocessed_ = LR ZFEF 25— FRDDDsfte

4.2 Tagging schemes

Each character of an address was assigned a tag after being parsed. The tags are basically
address fields as those presented in Table 2. In addition to address fields, there are labels
S and E for special characters marking the start and the end of a string. As for characters
that constitutes descriptive spatial relation and inessential information, a special label,
Redundant, would be assigned so that characters labelled as Redundant could be ignored
for data linkage. In total, there are 13 candidate tags.

4.3 Model architecture and training details

The model is composed of three parts, one embedding layer, one bi-directional RNN
layer, and one fully connected layer. Figure 6 displays the overall architecture. Functions
and hyperparameter settings of each layer are as follows.

The first hidden layer, the embedding layer, is a trainable transformation layer that
each time receives one input token and outputs a vector. Instead of using a pre-trained
layer, like word2vec or BERT that has been trained on an enormous dataset to capture
syntactic and semantic features of language, we assumed that a task-specific embedding
layer is enough for address parsing since addresses are not as syntactically and
semantically complex as everyday language use. Suppose that characters conveying
pivotal clues for labelling are from a small group of characters serving as
suffixes/indicators that occur repeatedly, in order to reduce the number of trainable
parameters for the embedding layer, characters appearing less than 3 times in the
addresses of Taipei City would not be embedded distinctively in this model. In total, this
layer would learn to embed 811 distinctive input tokens, including Chinese characters,
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symbols, special characters (D, 4, s, and e), and a representative index for all other
characters occurring less than 3 times. The output dimension is set to be 100. That is,
through the embedding layer, each character would be represented by a vector of 100
dimensions.

Figure 6 Bi-directional RNN based model architecture (see online version for colours)

Ground truth S CT CT CT TN TN TN HN HN HN E

LIl L]
CTOTTITITL 1T
ST TTITIT 11T ]
SO TIIIIT 0]

s & dbWm Pl @ D D 5% e

The second layer is an RNN layer. A unidirectional RNN takes the current input as well
as the hidden state from the previous time step to produce the current output, as described
below:

RNN(x) = tanh (W] x+ W[ h+b) (D

where tanh(-) refers to the hyperbolic tangent function, x is the input vector of the current
time step that has n features (n = 100), /4 is the hidden state vector from the previous time
step with a length of m, W, is an n x m parameter matrix for the input, W, is an m x m
parameter matrix of the hidden state, and b is the bias term. The bi-directional RNN is the
same as the unidirectional one except that the recurrent computation operates in both
forward and backward sequence. The output of the current time step is a concatenated
vector of the two output vectors respectively from the forward and backward RNN; that
is, the output is RNN =[RNN, RNN]. In this study, the size of RNN hidden states is set
to be 20. Hence, the output of each time step is a 20-dimensional vector for unidirectional
RNN and a 40-dimensional vector for bi-directional RNN.

The last layer is a fully connected layer with Softmax function. This layer transforms
the output vector from the RNN layer to a vector composed of prediction scores s; for
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each candidate tag, which will be passed through a Softmax function. A Softmax function
[equation (2)] computes the prediction probability for each category k and a vector whose
dimension equals to the number of all possible tags K, i.e., 13 in this study, will be
returned. Each value of the vector indicates the probability of the input token being
assigned a particular tag Pi(x).

A= e:p(Sk ()

; exp(s;(x))

(@)

Model training iterated over 10 epochs with Adam as the optimiser (learning
rate = 0.001). The batch size is 128 for the training over 900 thousand instances and
30 for smaller training datasets (below 10 thousand). Early stopping was implemented
with patience for 4 epochs.

4.4  Active learning strategy

An initial set of 30,066 instances were randomly sampled from the dataset of Taipei City
consisting of 1,192,066 entries and were manually labelled. Among the set of labelled
data, an initial model was developed on 10,030 random instances, among which
1,500 (about 15%) was reserved as the validation data and the rest 8,530 as the training
data, and the remaining 20,036 instances formed the testing set, which will be referred to
as test B in the later sections. The left unlabelled instances were randomised and divided
into 83 subsets. In every iteration of active learning, one subset was randomly picked,
and 5 unlabelled instances from the random subset would be selected by the query
selection algorithm. After being labelled, they were added to the training set which would
then be used to train a new model. In this study, we adopted Least Confidence as the
query selection strategy (Culotta and McCallum, 2004, 2005; Settles and Craven, 2008),
which computes the overall uncertainty of labelling a whole entry as described below:

Xuncertainty = 1- H Di (3)
i=1

where n is the length of an input sequence x, and p is the probability of a tag that the
model considers most likely for a given token i. Instances would be ranked according to
the uncertainty level in descending order, and the top five instances were selected in each
iteration. The iteration would continue until all subsets were iterated. In short, after the
active learning process finished, 415 additional instances would have been added to the
training set and 84 models in total, of which the first 83 were interim models, would be
obtained.

The active learning procedure used in this study is a modified pool-based procedure.
There are two main procedures of active learning, pool-based and batch-based.
Conventionally, the pool-based procedure selects one instance at a time to be labelled
until the termination condition meets. As for its counterpart, instead of selecting one
instance at a time, the batch-based procedure selects a batch of instances of a designated
number. There are trade-offs between these two procedures (Settles, 2011). The pro of
the pool-based procedure is less overlap in types of selected instances whereas this
procedure is time consuming. Since only one instance is selected each time, human
oracles are held pending most of the time, waiting for model training and query selection.
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On the other hand, the pro of batch-based procedure is that it is more efficient in time.
The machine selects a batch for labelling at a time and the labelling tasks can be shared
by several oracles. However, since batch of instances are selected by one model,
redundancy in the selected instances may, consequently, restrict the learning
effectiveness. Algorithms that integrate criterion of certainty, representativeness, and
diversity of a batch have been proposed in the literature (Li et al., 2021).

The modified active learning procedure proposed here can avoid these problems.
First, we randomly divided all unlabelled data to subsets and each subset would be
scanned through at each iteration for querying. The smaller dataset shortens the time
spent on query selection, and the randomisation in subset division ensures that each
subset is unbiased and approximates the population. Moreover, instead of drawing one
instance at a time, having the model select five instances per iteration for labelling can
not only increase the number of labelled instances in a faster fashion but also improve the
learning effectiveness of the model for acquiring knowledge of a certain type given more
relevant instances added. Last but not least, the iteration-based procedure enables the
model to evolve over time without ending up biased and limited in performance by a
certain shot of queries. Active learning procedure is illustrated in Figure 7.

Figure 7 Active learning procedure
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5 Experiments

Experiments were conducted to test if active learning is an effective solution to the
obstacles of developing an automatic address parser, especially costly data labelling and
limited generalisation. We trained five models either by active learning or by one-shot
passive learning. The five models would then be evaluated by three sets of testing data,
which are of different distribution and scope. In the following, the five models and the
three sets of training data will be introduced. The first three models were trained solely
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on addresses of Taipei City and the rest two models were trained on a mixture of
addresses from Taipei City and New Taipei City.

5.1 Address data for experiments

Model training and evaluation were performed with address of Taipei City and New
Taipei City. The total amount of data utilised is as elucidated in 4.4 above and the two
sections below. While having similar names, Taipei City and New Taipei City are two
different administrative regions of Taiwan neighbouring to each other and have different
address styles. As the capital city of Taiwan, road networks and city planning in Taipei
City are relatively more systematic. Address in Taipei City is, therefore, more regular and
consistent. As for New Taipei City, because of its broader land, complex geographical
properties and uneven distribution of populations, address in New Taipei City has more
irregular components and descriptive terms. On top of that, names of geopolitical entities
and roads in the two cities are different. As a result, the patterns and forms emerge in
address of New Taipei City are supposed to be unfamiliar to a model trained solely by
address of Taipei City.

5.2 Passive learning and active learning for model development

One appeal of active learning is that a competent model can be trained using fewer
training data. To test if this assumption is valid, a model was trained with the typical
passive learning procedure for comparison (model ¢). Conventionally, a large training set
is required for the typical passive learning procedure. To efficiently access a labelled
dataset large enough for this model, we utilised a temporary expedient method to fulfil
the need. Regular expression (RE) was adapted to format general observations of the
standard and common address patterns in each address field. Based on the formats,
addresses could be automatically segmented with labels corresponding to address fields
assigned. For fear that RE formats would be insufficient and errors might result, we
developed a hybrid model to complement the RE approach. The hybrid model left the
work of segmentation to an open-source Chinese segmentation tool, Ckiptagger (Li and
Ma, 2019), and coded label-assigning rules checking suffix characters and their relative
positions (Lin, 2021). To ensure the quality of processed data for training, only those
entries that both the RE approach and the hybrid approach agreed upon with respect to
segmentation and labelling were collected. It should be noticed that due to restrictions of
this data preparation method, only addresses that match the predefined patterns by RE
and the rules could be processed and collected. Without further manual processing, the
size of the obtained dataset is 1,147,211. 10% of these data were reserved to form a
testing set, which is, for the ease of reference, named test A. The rest 90% were further
split into 90% for training and 10% for validation. Dataset prepared using this method
consists of only regular addresses. Hence, the dataset is biased.

Another appeal of active learning is that the query selection mechanism allows the
model to participate in the formation of training data that help itself learn better. This
assumption was examined by comparing two models trained on the training sets of the
same size whilst one was formed following the active learning procedure by the query
selection algorithm [equation (3)], and the other was randomly sampled. To make the two
models comparable, the two models used the equal data size with identical instances
involved aside from the additional 415 instances, which were randomly sampled in
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one-shot passive learning (model f) and strategically selected in active learning
(5 per iteration; model y). Details of data splitting and the active learning procedure have
been provided in 4.4 and Figure 7. Evaluation results of the above-mentioned three
models could answer the first research question concerning the effectiveness and
efficiency of active learning in address parser development.

5.3 Passive learning and active learning for model adaptation

As for the question related to model generalisation, we took addresses of New Taipei
City for experiments and trained two more models by active learning (model J) and
one-shot passive learning (model €). The base model to be adapted is model y, the one
developed by active learning with addresses of Taipei City. At first, 20,036 instances
were drawn from the dataset of New Taipei City and were manually labelled to form the
third set of testing data, named test C henceforth. The remaining unlabelled data were
divided into 84 subsets. The active learning procedure then iterated over the 84 subsets,
and, at the end, 420 additional instances were added to the initial training set. As for
one-shot passive learning, the 420 additional instances were randomly selected over the
subsets. In summary, the two models were trained on 8,945 labelled addresses from
Taipei City and 420 labelled addresses from New Taipei City. No new data from New
Taipei City was added to the validation data.

Table 3 Summary of models

Training data source

Model Training procedure Taipei City New Taipei l?iaztea
Regular  Irregular City
Model o Typical passive learning v 929,241
Model #  One-shot passive learning 4 v 8,945
Model y Active learning v v 8,945
Model 6 Active learning v v v 9,365
Model ¢ One-shot passive learning v v v 9,365
Note: Shading represents identical instances shared in the training data.
Table 4 Summary of testing sets
Taipei City
New Taipei City Data size
Regular Irregular
Test A 4 114,721
Test B v v 20,036
Test C 4 20,036

To wrap up, we obtained five models, and the five models were respectively evaluated by
three testing sets. Table 3 summarises the five models, including the training procedure,
the sources of training data, and the data size. Cell shading represents identical instances
involved in the training data. As explained above, the data distribution of the training data
for typical passive learning is different from that of other models due to the limitations of
the method used to prepare labelled data of such a great amount. Table 4 presents the
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summary of the three testing sets, including the data source and the data size. It should be
noted that since test A was compiled by a separate data preparation procedure along with
its corresponding training data, test A and test B are not mutually exclusive. Moreover,
instances in the training set of model ¢ may also overlap with test B, and vice versa.
Therefore, we should be cautious and conservative about the comparison of model & with
other models as well as the evaluation results on test A.

6 Results and discussion

In 6.1, we will first present the evaluation results of models trained solely on addresses of
Taipei City. The model loss and accuracy imply the effects of different learning
procedures on address parser development. In 6.2, we will continue to inspect the
performance of two address parsers updated to manage addresses of New Taipei City and
discuss whether active learning helps update a trained model and improve model
capability on out-of-domain data. In 6.3, we further analyse the applicability of each
parser in real-world tasks. A parser is expected to label as more addresses correctly as
possible. We will calculate the accuracy on the address level. To have a detailed
comparison between different parsers, we also calculate the prediction accuracy of each
label.

6.1 Model performance on in-domain data

The three parsers trained solely on addresses of Taipei City all show superb evaluation
results on testing sets composed solely of addresses of Taipei City (i.e., test A and test B).
Table 5 presents the loss and accuracy evaluated by different testing sets. It is obvious
that the loss and accuracy of the parser trained by typical passive learning are reaching
the perfect extreme on the biased testing data which this model is familiar with and has
been trained for. Outstanding performance on the unbiased testing data was also found in
the two models trained on datasets of the same size respectively by one-shot passive
learning and active learning. The former has an accuracy of 0.9992, and the latter 0.9984.
This indicates that regardless of the training procedure, the bi-directional RNN
architecture is robust enough for the model to learn effectively from the training data and
perform well during inference stages.

Table 5 Model loss and accuracy evaluated by different testing sets of Taipei City

Test A (biased data) Test B (unbiased data)
Model Training procedure

Loss Accuracy Loss Accuracy
Model o Typical passive learning 0.0001 1.0000 0.0907 0.9956
Model g One-shot passive learning 0.0031 0.9990 0.0031 0.9992
Model y Active learning 0.0015 0.9997 0.0035 0.9984

While model ¢ is almost perfect for regular types of addresses, its performance on
irregular and atypical instances is compromised. As evaluated by the unbiased dataset,
the performance of model o declines by a slim drop in accuracy from 1 to 0.9956. We
can find that though model & outperforms model § and model y on test A, it is surpassed
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as evaluated by the unbiased test B. The drop is a sign that the diversity of data types in
the training data should be maintained in order to achieve general competence.

Comparing the two models trained with the same training data size following
different procedures (i.e., model B and model y), we can find that active learning is
unexpectedly better than one-shot passive learning on the biased set of addresses (test A)
while the situation is opposite when the evaluation dataset is unbiased (test B). It is
unexpected because we would assume that since the selection algorithm favours irregular
types of addresses which are harder to label, with more irregular types of addresses
selected, the trained model was supposed to have an advantage on unbiased testing data.
However, the evaluation result conflicts with this expectation.

Figure 8 Learning curves of models trained by active learning on the biased and unbiased testing
data of Taipei City (see online version for colours)
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The learning curve of active learning evaluated by the two sets of testing data may
account for this unexpected outcome. As shown in Figure 8, in general, there is no
significant difference observed over the learning trajectory on the two testing sets. At the
beginning, the initial model has similar competence in the two testing sets. As the
iteration progresses, despite that no stable positive inclination observed against the initial
model, most interim models along the learning course have smaller loss than the initial
one. An abrupt decline in learning performance occurs at the 82nd run on both biased and
unbiased testing data. Nonetheless, in the immediately following iteration, the deviation
is immediately suppressed, and the performance is resumed.

In light of the unstable learning curve, we suggest that it is a reflection of the gradual
increase in the number of more complex and noisy instances in the training data. With
more heterogeneous instances added, the learner was still learning how to manage both
regular and irregular types of addresses. Taking advantage of the iterative query selection
mechanism, the learner was able to keep learning and adjusting itself before the deviation
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went extreme. Under our termination condition, the learner was forced to stop as soon as
all subsets were iterated before striking the balance, leading to overfitting effects on
test A and inferior performance on test B, as compared to model 5. However, it should be
noted that even with ebb and flow, the fluctuations are contained in a tiny range.

In these experiments, advantages of active learning are not demonstrated yet. The
results seem not compelling enough for practitioners to apply active learning at the cost
of iterative querying, labelling, and training especially when its counterpart model trained
by one-shot passive learning has almost the same performance or even better on unbiased
data.

6.2 Model performance on out-of-domain data

To test the effects of active learning on improving model generalisation, we conducted
another experiment using addresses of New Taipei City, which contains some values and
patterns absent in the dataset of Taipei City. Model y was adapted with 420 new address
entries of New Taipei City added. Again, one model was trained following the passive
learning procedure and the other active learning.

Table 6 shows the overall evaluation results of models on the three testing sets.
Apparently, the first three models have limited competence in labelling addresses of New
Taipei City which they are unfamiliar with. Nevertheless, they, especially model ¢, still
maintain a certain level of accuracy. This implies that addresses of Taipei City and New
Taipei City have features overlapped to certain extent and the underlying features can be
captured by the NN-based models.

Table 6 Model loss and accuracy evaluated by three testing sets
Test A Test B Test C
Model Training procedure
Loss Acc Loss Acc Loss Acc

Model @ Typical passive 0.0001  71.0000 0.0907  0.9956 0.6778 0.9307
Model § One-shot passive 0.0031  0.9990 0.0031 0.9992 0.3918 0.8314
Model y  Active learning 0.0015 0.9997 0.0035 0.9984 1.1211 0.7581
Model 6  Active learning 0.0031 0.9992 0.0027 0.9991 0.0045  0.9986

Model ¢ One-shot passive 0.0025 0.9992 0.0027  0.9991 0.0099  0.9966

For the newly trained models catering to addresses of New Taipei City, we can see that
they both reach accuracy over 0.99, and the model ¢ narrowly outperforms model ¢. In
addition to the high accuracy on the new data, their competence in labelling the old
datasets, addresses of Taipei City, also improved (test B). The results cohere with our
argument above that addresses share common features so that the newly added data
should impose no or few adverse effects on the prior learning outcomes. In fact, the new
data seems to provide more relevant instances for the model to learn better, as
demonstrated by the improvement on unbiased data of Taipei City from 0.9984 to 0.9991.
As for the narrow advantage of model 6 over model ¢, it can be attributed to the active
learning mechanism that precisely, instead of by chance, selects instances containing
features the previous model is ignorant of, especially features of redundant elements
which will be elaborated in 6.3.

In other words, the continued active learning not only improves generalisation
efficiently with the addition of a small number of new instances added to the training data
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but also retains and even hones the previously established competence. To sum up, the
advantage of active learning is demonstrated here. When the number of labelled data is
limited, active learning is promising as it ensures that the labelled training data is
informative and helpful for the learner. If the goal is to update an existing model, active
learning makes the updating process effective and efficient by querying labels of a few
informative new instances.

6.3 Model performance on real-world tasks

In real-world tasks, we expect a parser to correctly label every component of an address
entry. To examine the applicability of trained parsers in real tasks, the address accuracy,
the proportion of correctly labelled address entries out of all entries, was computed.
Table 7 displays the address accuracy of the five models on three testing sets. The first
three models all achieve high address accuracy on either biased or unbiased data of
Taipei City. However, as applied to label addresses of New Taipei City, even with
acceptable model accuracy as presented in Table 6, the parsers failed to satisfy the
standard for real-world tasks. The low address accuracy indicates that a large portion of
parsed addresses contain wrongly labelled components, resulting in additional costs in
post-processing and correction.

Table 7 Address accuracy of models on three testing sets
Model Training procedure Test A Test B Test C
Model o Typical passive learning 0.9999 0.9725 0.1158
Model 3 One-shot passive learning 0.9928 0.9931 0.0001
Model y Active learning 0.9943 0.9851 0.0001
Model 6 Active learning 0.9934 0.9903 0.9779
Model ¢ One-shot passive learning 0.9933 0.9904 0.9630

Similar to the results of model accuracy, the two reinforced models perform well on three
testing sets. While they are not the best model for addresses of Taipei City, they handle
addresses of New Taipei City remarkably better than others. Moreover, though the
model 0 and model ¢ present similar outcomes in model accuracy, the advantage of active
learning becomes obvious when the performance is measured at the address level. More
addresses can be correctly labelled by model J than model ¢. From this perspective,
active learning yields a general and balanced parser for both addresses of Taipei and New
Taipei City.

Further statistics of the label accuracy disclose what determines model performance
at the address level. Table 8 presents the accuracy of predicting each label. Overall, the
label redundant is a weak point of most models. It’s a label that marks unexpected and
redundant characters emerging in an address. Characters that should be assigned this
label may appear anywhere in a string and the form is diverse. Some may appear normal
but are in fact redundant because of its relative position with other components. For
example, there are instances in which the city name is repeated twice. In this case, the
second one should be labelled as redundant. Therefore, the ability to assign redundant
correctly reflects a model’s ability to identify noises. A closer examination reveals that
models trained by active learning are generally more competent than models trained by
passive learning in terms of assigning redundant.
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Table 8 Label accuracy of the five models on three testing sets
Test A
Label
Model Model B Model y Model 6 Model ¢
City 1.0000 1.0000 1.0000 1.0000 1.0000
Town 1.0000 1.0000 1.0000 1.0000 1.0000
Tract 1.0000 1.0000 1.0000 1.0000 1.0000
Neighbourhood 1.0000 1.0000 1.0000 1.0000 1.0000
Road 1.0000 1.0000 1.0000 1.0000 1.0000
Lane 1.0000 1.0000 0.9999 1.0000 1.0000
Alley 1.0000 1.0000 1.0000 1.0000 0.9999
House number 1.0000 0.9998 0.9996 0.9999 0.9995
Ground floor 1.0000 1.0000 1.0000 1.0000 0.9998
Basement 1.0000 0.9988 0.9988 1.0000 1.0000
Redundant 0.9992 0.6732 0.9133 0.7267 0.7553
Test B
City 1.0000 1.0000 1.0000 1.0000 1.0000
Town 1.0000 1.0000 1.0000 0.9999 1.0000
Tract 1.0000 1.0000 1.0000 0.9999 1.0000
Neighbourhood 1.0000 1.0000 1.0000 1.0000 1.0000
Road 0.9995 0.9999 0.9998 0.9998 0.9998
Lane 1.0000 1.0000 0.9998 0.9999 1.0000
Alley 1.0000 1.0000 1.0000 0.9998 1.0000
House number 0.9998 0.9997 0.9983 0.9995 0.9990
Ground floor 0.9963 0.9991 0.9972 0.9980 0.9977
Basement 0.4589 0.9668 0.7634 0.9412 0.9550
Redundant 0.6929 0.9151 0.9799 0.9337 0.9435
Test C
City 0.7312 0.0862 0.3797 1.0000 1.0000
Town 0.8839 0.7215 0.2739 0.9995 0.9987
Tract 0.9637 0.9885 0.9011 0.9975 0.9991
Neighbourhood 0.9954 0.9980 0.8243 0.9987 0.9987
Road 0.9839 0.9951 0.9283 0.9994 0.9994
Lane 0.9858 0.9966 0.9165 0.9991 0.9984
Alley 0.9795 0.9977 0.9135 0.9994 0.9999
House number 0.9831 0.9953 0.8953 0.9993 0.9946
Ground floor 0.9819 0.9924 0.9132 0.9975 0.9964
Basement 0.4420 0.9655 0.8605 0.9608 0.9624
Redundant 0.2461 0.3408 0.6372 0.8948 0.6183

Another point worth noticing is that label accuracy can account for the low address
accuracy of the first three models on addresses of New Taipei City. The city name and
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the town name are essential components that are rarely omitted in an address, and the
incapability of a parser to recognise these two components means that it is destined to be
scored low at the address level. The weak performance of these models on assigning city
and town is supposed to be the consequence of models relying too heavily on the limited
variety of forms of city names and town names. When addresses containing unfamiliar
city names and town names are encountered, the inference is then disturbed. Other
address fields whose values are more various show no accuracy decline as dramatic as
city and town. The high variability of field values encourages models to take more
features, e.g., adjacent characters and label relations, into consideration.

7 Conclusions

In this study, we have adopted one-shot passive learning and active learning procedures
to train address parsers based on the bi-directional RNN architecture. Three models were
trained solely on addresses of Taipei City following different training procedures,
including the typical passive learning where a large amount of labelled data was
involved, active learning, and one-shot passive learning with the same data amount
involved as active learning. Two more models were trained with addresses of New Taipei
City added to the previous training set of Taipei City built for active learning. These five
models were respectively evaluated by three testing sets of different scope and data
diversity. Based on the results of experiments, we can answer the two research questions.

For the first question concerning whether active learning is an economical training
procedure, the experiment result suggests that when the initial model has already shown
high-quality performance, adding strategically selected instances to the training set may
cause adverse effects due to the unstable learning trajectory, as presented in Figure 8. In
this situation, one-shot passive learning which randomly samples instances for labelling
to enlarge the training set is a better training strategy. From another perspective, the
outstanding performance of the initial model may be attributed to the initial training set
which is already large enough for the model to learn essential features to some extent.
Therefore, the benefits of active learning are not demonstrated.

As for the effect of active learning on improving model generalisation, results
indicate that the existing model trained on addresses of Taipei City can be adapted to
accommodate addresses of New Taipei City with only 420 new labelled instances
selected through the query selection algorithm. The model trained by active learning
shows better performance than that trained by one-shot passive learning while the number
of additional instances is equal in the training sets for the two models. Moreover, its
performance on the original data, addresses of Taipei City, is retained and even
improved. This demonstrates that active learning poses positive effects on improving
model generalisation with a few but informative data.

From a practical perspective, it’s common that a model is initially developed to deal
with a task at hand without considering the future development and potential broader
applications. When a new task of broader scope is given and the existing model is not
compatible with the new data, a common option is to retrain the model. However, this
may risk failing to train a model that manages both the old and new data. Alternatively,
active learning allows the existing model to select instances that it is uncertain about and
adjust itself by iteration. The training is then made efficient and the performance on both
sides can be kept.
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While the basic RNN architecture has achieved competent performance in this
study, in the future, it can be examined if the model architecture is replaced with the
state-of-the-art architecture, seq2seq or LSTM, whether the advantage of active learning
over one-shot passive learning is still valid. In addition, several query selection
algorithms have been proposed in literature (Craig et al., 2019; Li et al., 2021; Settles,
2010; Settles and Craven, 2008, Shen et al., 2017). Different algorithms influence the
types of instances being selected and the distribution of the selection. The effect of
different selection strategies on active learning when used for model adaptation is another
variable that is worth future inspection.

This paper has provided an innovative way to adapt a developed model for new data
without retraining the whole model. Though this study focused on address in Chinese in
Taiwan, we suggest that the model design and active learning procedure proven capable
here can be applied to address in other languages and countries with small changes made
in the output layer corresponding to the labels of the target address system of interest and
in the level of input token embedding suitable for the particular language (e.g., applying
word-level embedding for languages with natural word segmentations). Moreover, the
proposed active learning procedure should be effective in upgrading models of other
tasks, apart from address parsing, in which variation in the style or genre of the input data
has an impact, e.g., the task of information extraction on texts of Wikipedia and Twitter
feeds (Wing and Baldridge, 2011).
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