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Abstract
Address parsing is an essential task that transforms natural lan-
guage descriptions into standardized addresses, crucial for numer-
ous urban applications. Existing methods struggle with ambigu-
ous expressions, and even Large Language Models face challenges
adapting to specialized domains with limited data. In this study, we
focus on developing a robust framework to map diverse address
descriptions into a unified semantic space of standardized addresses.
We propose the Adaptive Weighted Learning-based Address Pars-
ing (AWLAP) framework, which enhances parsing effectiveness
through two key components: a multi-level constrained classifier
that mines correlations between geographic entities across hier-
archies, and an integrated discriminator that adaptively guides
optimization based on parsing complexity. We evaluate the AWLAP
using real data from JD Logistics and Point-of-Interest addresses.
Extensive experiments comparing against state-of-the-art meth-
ods demonstrate AWLAP’s effectiveness and robustness in address
parsing. The proposed AWLAP framework has been successfully
deployed as an address parsing service in practical applications.

CCS Concepts
• Information systems→ Structured text search.
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1 Introduction
Parsing natural language descriptions into standard addresses is
crucial for many urban applications[7, 29]. For example, address
standardization during the express delivery process can reduce

This work is licensed under a Creative Commons Attribution 4.0 International License.
CIKM ’25, November 10–14, 2025, Seoul, Republic of Korea
© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2040-6/2025/11
https://doi.org/10.1145/3746252.3761499

Sanlitun Subdistrict

三⾥屯街道

Chaoyangmen Subdistrict

朝阳门街道

Beixinqiao Subdistrict

北新桥街道

Donzhimen Subdistrict

东直门街道

Jianwai subdistrict

建外街道

Jianguomen Subdistrict

建国门街道

Chaowai Substrict

朝外街道

Maizidian Subdistrict

麦⼦店街道

Balizhuang Subdistrict

⼋⾥庄街道

Tuanjiehu Subdistrict

团结湖街道

Chaoyang District 朝阳区

Dongcheng District 东城区

China Life Tower, Chaoyangmen Outside, Dongcheng District, Beijing, China
北京市东城区朝阳门外中国⼈寿⼤厦

？

？

？

On which subdistrict?

Figure 1: An illustration of the hierarchical parsing process
for an ambiguous query address. Different shades of blue
boxes represent different regions of the same hierarchy. And
the red dashed boxes are sub-regions of the blue ones.

losses caused by package misdelivery or returned mail due to inac-
curately described addresses. Accurate address information is also
crucial in government services such as population statistics, social
services, and emergency response. Address parsing serves as the
foundation for implementing these services. The automated parsing
process can quickly respond to real-time address parsing demands,
thereby reducing the cost of manual parsing. However, people ex-
press addresses in variousways in natural language, with significant
differences in semantic information and grammatical structures.
Existing methods typically focus on either using numerous rules for
fuzzy address matching[3, 18], or training a model based on a large
corpus applicable to address parsing scenarios[28, 29], enabling it
to “understand” standard addresses referred to in natural language.

Despite some successful efforts in certain specific scenarios, ac-
curate address parsing remains a challenging task due to the many
difficulties presented by real-world, ever-changing geographical
environments and inconsistent address description formats in dif-
ferent scenarios: (1) Diversity of descriptions. When describing
the address of a geographic entity, there are typically multiple ways
to do so. These may include descriptions based on geographic hi-
erarchical relationships, the structure of the road network, or the
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surrounding points of interest. These different descriptive custom-
ary make natural language descriptions of addresses diverse and
difficult to parse with a uniform rule. (2) Unclear or incorrect ad-
dress data descriptions. Since addresses do not belong to a single
individual, there is a lack of motivation for people to memorize stan-
dardized addresses. In addition, geographic location information is
subject to change, making it even more difficult to remember. As a
result, problems such as missing information or incorrect descrip-
tions are common in everyday address descriptions. (3) Conflicts
in address hierarchy descriptions. When describing geographic
entities based on geographic affiliation or administrative jurisdic-
tion, there is often a hierarchical constraint relationship. If different
descriptive ways are used, the same entity may be attributed to
different parent regions. In addition, the attribution of geographic
entities may change as standards evolve. As a result, geographic
hierarchy conflicts often arise when people describe addresses.

To address the aforementioned challenges, we propose a new
AdaptiveWeighted Learning-basedAddress Parsing (AWLAP) frame-
work to solve the problem of mapping from natural language de-
scriptions to standard addresses. We focus on the robust parsing of
diverse and unclear natural language addresses. (1) The AWLAP
framework utilizes a pre-trained language model as an address
encoder to uniformly encode diverse descriptions into address em-
beddings. By learning the spatial semantic information hidden in
the address embeddings, a downstream classification task is con-
structed to map an infinite set of natural language descriptions to a
finite set of standard addresses, thus adapting the model to the tran-
sition from natural language descriptions to standard addresses. (2)
To alleviate the hierarchy conflicts problem in the parsing process,
we design a multi-level constrained classifier that splits the classi-
fication task into multiple subtasks based on different geographic
levels and sets hierarchical constraints between neighboring sub-
tasks to improve the accuracy of the classifier for address resolution.
(3) A discriminative task is introduced to optimize the learning of
the difficult address (ambiguous description) in the classification
task by using a simple multi-layer perceptron that receives feed-
back on the classification performance from samples with different
addresses. Our main contributions are summarized as follows:

• We propose the AWLAP framework, which enhances address
parsing through two key innovations: a specialized classifier built
on pre-trained language models that mitigates noise by captur-
ing geographic hierarchical relationships, and a discriminator
that dynamically adjusts classification optimization weights to
improve parsing effectiveness.

• We introduce an adaptive weighted learning strategy based on
a discriminative task to help the classifier learn differentially
under different address samples, which improves the accuracy
and efficiency of address parsing.

• Our AWLAP-based address parsing service has been successfully
deployed in multiple cities, significantly improving local gov-
ernment address management efficiency. The system seamlessly
integrates with existing government infrastructure, reducing
manual address verification workload, while providing public
access through a WeChat mini-program.

• We conduct extensive experiments using a real-world address
descriptions dataset. The results show that the proposed AWLAP

achieves superior parsing accuracy over all the baseline methods
and it’s variants in different cases.

2 PRELIMINARIES
Definition 2.1. Natural Language Description Address. A

natural language description address is a class of non-standard
address. It may contain a variety of detailed or unclear information,
but does not conform to a formal, standardized format. It is the
input of address parsing and denoted as 𝑋 = {𝑥1, 𝑥2, · · · , 𝑥𝑛}, 𝑛 is
the number of natural language description addresses.

Definition 2.2. Standard Address. A standard address is an ad-
dress written according to a uniform rule and format. Its definition
may vary in different countries, but it is typically organized based
on the hierarchical relationships between geographic entities, such
as “country - province/state - city - district - town/street - community
- building/landmark”. We use standard addresses as the labels for
training and testing, defined as𝑌 = {𝑦1, · · · , 𝑦𝑛 |𝑦𝑖 = [𝑦𝑖1, · · · , 𝑦𝑖𝑙 ]},
𝑙 represents the different geographic levels.

Definition 2.3. Match Mask.We define a match mask𝑀 , with
𝑀 =

[
𝑚𝑥,𝑦 |𝑥 ∈ 𝑋,𝑦 ∈ 𝑌

]
denoting the matchability of the natural

language description and standard addresses. We set𝑚𝑥,𝑦 = 1 if 𝑦
is the correct standard address referred to by 𝑥 , and𝑚𝑥,𝑦 = 0 if 𝑦 is
incorrect.

Our goal is to parse diverse and unclear natural language descrip-
tions of addresses 𝑋 into the standard address space, and return a
standard address 𝑌 that matches 𝑋 . We define the address parsing
task as a mapping: F (𝑋 ) ↦→ 𝑌 .

3 Adaptive Weighted Learning-based Address
Parsing

We introduce the Adaptive Weighted Learning-based Address Pars-
ing (AWLAP) framework for robust address parsing. After tokeniz-
ing natural language descriptions and standard addresses into token
IDs 𝑋̃ , AWLAP employs two key components: First, a pre-trained
language model (PLM) captures spatial semantics of input data. To
overcome the PLM’s limitations in recognizing addresses with miss-
ing or conflicting information, we develop an end-to-end parsing
model with a downstream classification task that maps addresses
to their standard forms while fine-tuning the address encoder. Sec-
ond, we incorporate a discriminator that enhances robustness by
guiding the parsing model to adapt its training strategy for different
address samples. This component significantly improves inference
performance by helping the model differentiate between various
address patterns. The framework is illustrated as Figure 2.

3.1 Spatial Semantic Learning in Address
Parsing

Natural language address descriptions are a kind of textual infor-
mation. However, due to the limited number of addresses and their
unique expressions, training a specialized model solely on address
data to achieve natural language parsing capabilities is challenging.
In order to better mine the relationship between geographical en-
tities expressed in diverse address descriptions and adapt address
hierarchical structure, we use a pre-trained language model (PLM)
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Figure 2: Overall Framework of Adaptive Weighted Learning-based Address Parsing

as an address encoder ℎ(·) for generating address features. And
a designed classifier is added downstream to infer the standard
address corresponding to the address description by learning the
mapping relationship between features and labels, thus obtaining a
complete end-to-end address parsing model 𝑓 (·).

In the AWLAP framework, we utilize the bge-small model [24] as
an initialized address encoder. This is a pre-trained language model
based on the Transformer architecturewith an attentionmechanism
that allows the model to capture dependencies between different
parts of a sequence. In the address parsing scenario, the Transformer
allows the address encoder to concentrate on the contextual address
information that is most relevant to the current geographic entity
by using a self-attention layer. However, due to the specificity
of address parsing scenarios, most of the language models lack
the knowledge related to geographic entity description during the
pre-training process. Therefore, we added a new classification task
downstream to support the parsing of natural language descriptions
of addresses. The address encoder is then fine-tuned by optimizing
the inference results of the classification. This enables the model to
gain the ability to mine correlations between geographic entities.

We obtain the address embedding of natural language descrip-
tions through the address encoder, and divide the classification task
into different levels, each of which only estimates the standard re-
gion of the current level (district, street or community). This allows
the classifier to mine more detailed information about the address.
Considering that there are mutual constraints among regions at
different levels. Each subdistrict have only a parent district, but
individuals may mistakenly fill in a wrong parent district when
describing their address. To prevent the classifier from generating
subordination mismatch problems in classification task, we design a
region attention layer in the classifier to constraint the inference of
different levels, Eq.1 shows the region attention layer in classifier:

𝑧𝑙 = 𝑆𝑜𝑓 𝑡𝑚𝑎𝑥
(ℎ𝑙 (𝑥 ) · ℎ𝑙+1 (𝑥 )√

𝑑

)
ℎ𝑙 (𝑥 ) (1)

The address parsing flow is shown in the parsing model of Figure 2,
including the address encoder and the region attention module. The
top district encoder takes in ℎ(𝑥) to generate the hidden embedding

of the corresponding level, and then estimates the standard region
of the current level based on the hidden embedding. The subdistrict
encoders accept both the ℎ(𝑥) and the embedding of the parent
district using region attention layer to generate the standard re-
gion. This improves the classification efficiency of the model while
reducing misclassification due to hierarchical conflicts by using
information from the parent district. The classifier’s loss function is
jointly constructed from the classification results of multiple levels:

L𝑓 = −
∑︁

𝑖∈1,· · · ,𝑛

∑︁
𝑗 ∈1,· · · ,𝑙

𝑦𝑖 𝑗 log(𝑦̂𝑖 𝑗 ) (2)

Notice that, to increase the robustness of the model under incom-
plete address descriptions or misspellings, we randomly mask the
characters (10% of the total characters) in the address descriptions
during training, forcing the model to match the correct standard
address even when receiving incomplete input.

3.2 Parsing Enhanced based on
Discriminator-Weighted

Because of differences in expression habits, the same address may be
described in various ways, resulting in varying geographic informa-
tion. Some descriptions may be detailed and accurate, while others
may be fuzzy or contain typos or hierarchical conflicts. Overly
concise or erroneous addresses provide less effective information
for address parsing and may even be misleading. However, the
classifier 𝑓 has limited ability to discriminate various samples and
cannot learn differently for each one. If a suitable weight can be
chosen to balance the learning degree of the classifier for different
address samples, increasing the learning degree for the samples
with large amount of information or difficult to learn, and decreas-
ing the learning degree for the simple samples that can be well
predicted, then the learning efficiency and accuracy of the classifier
will be greatly improved.

The classification error is the most direct measurement of a clas-
sifier’s ability to learn from different samples. The classification
ability tends to be higher for larger errors and lower for smaller ones.
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However, while it provides some insight into the degree of learn-
ing, it cannot be quantitatively calculated and cannot be used as a
reference for model training feedback. Inspired by semi-supervised
learning based on soft labels [22], we introduce an additional dis-
criminator 𝑑 that utilizes the classification information provided
by 𝑓 to guide the training of 𝑓 .

The discriminator uses the classification error as input to esti-
mate the correctness of the classification, thus determining how
much the current sample has been learned. Additionally, the output
distribution of the classifier is also added to the input, which pro-
vides the probability of natural language samples belonging to each
class of standard addresses. This results in more comprehensive
information about the inference of the classifier. During training,
positive labels are those correctly classified by the classifier, while
the negative are those misclassified. The discriminator is trained
to gain the ability to quantify the difficulty of classifying samples
from different addresses, shown in Eq. 3:

𝑑 (𝑓 (𝑋 ), 𝑔(𝑌, 𝑓 (𝑋 ))) = 𝑃, L𝑑 = −𝑀 ⊙ 𝑌 log(𝑃) + (1 −𝑀) ⊙ 𝑌 log(𝑃) (3)

We define the classification error function of the classifier 𝑓 as 𝑔(·).
𝑀 is the mask of correct and incorrect classification, and ⊙ is the
Hadamard product.

During the learning process of the discriminator 𝑑 , 𝑓 has ap-
peared in the input of 𝑑 in the form of a loss function, which means
that the classification information of 𝑓 will affect L𝑑 and further
influence the learning of𝑑 . Thus, both𝑑 andL𝑑 become functionals
of 𝑓 , i.e., 𝑑 (𝑋,𝑌,𝑔(𝑓 (𝑋 ))), L𝑑 (𝑑,𝑔(𝑓 (𝑋 ))). Therefore, in optimiz-
ing the discriminator, the effect of 𝑓 on 𝑑 becomes the basis for
optimizing 𝑑 for 𝑓 . To explore how the variation of 𝑓 impacts the
information it provides to L𝑑 , we calculated the derivative of L𝑑 :

𝜕L𝑑

𝜕𝑑
· 𝜕𝑑
𝜕𝑔

· 𝜕𝑔

𝜕𝑓
· 𝜕𝑓

𝜕𝜃 𝑓

(𝑖 )
=

𝜕L𝑑

𝜕𝑑
· 𝜕𝑑
𝜕𝑔

· ∇𝜃 𝑓
𝑙𝑜𝑠𝑠𝐴

(𝑖𝑖 )
=

𝜕𝑑

𝜕𝑔
· 𝜕L𝑑

𝜕𝑑
· ∇𝜃 𝑓

𝑙𝑜𝑠𝑠𝐴 = 0
(4)

Since we only concentrate on the effect of L𝑑 on 𝑓 , we consider a
solution of Eq.(4) by letting 𝜕L𝑑

𝜕𝑑
· ∇𝜃 𝑓 𝑙𝑜𝑠𝑠𝐴 = 0. And substituting

the BCE loss into L𝑑 , the condition becomes:

−
∑︁

𝑖=1· · ·𝑛

∑︁
𝑗=1· · ·𝑙

( 1
𝑝𝑖 𝑗

) · (𝑦𝑖 𝑗 log(𝑦̂𝑖 𝑗 ) ) = 0 (5)

𝑝𝑖 𝑗 is the output of 𝑑 (𝑋,𝑌,𝑔(𝑌̃ , 𝑌 )) with index 𝑖 𝑗 , and it is also
the confidence level given by discriminator 𝑑 for each level of the
parsing result based on the input address description and the clas-
sification error. We notice that the form of Eq. (5) is very similar to
the loss function of 𝑓 . And if we consider 1

𝑝𝑖 𝑗
as the reweighting

factor of different address samples, then Eq. (5) represents the opti-
mization direction of 𝑓 given by the discriminator 𝑑 after accepting
the information of 𝑓 .

Assuming that the discriminator 𝑑 has been well-trained and can
distinguish between difficult and easy samples during training, the
confidence levels it generates are representative of the degree to
which the current classifier has learned about different samples. If
the confidence of a sample in 𝑑 is low, it suggests that the classifier
struggles to extract accurate geographic information and requires
further training. Conversely, a high confidence for a sample in 𝑑

indicates that the classifier can already accurately infer its standard
address, allowing for a reduction in the classifier’s learning degree
for that sample. The classification loss function, weighted by the
discriminator 𝑑 , is as follows:

L𝑓𝑛𝑒𝑤 = −
∑︁

𝑖=1· · ·𝑛

∑︁
𝑗=1· · ·𝑙

(1 + 1
𝑝𝑖 𝑗

) · (𝑦𝑖 𝑗 log(𝑦̂𝑖 𝑗 ) ) (6)

Above re-weighting factors induce very different behaviors on
the optimization of different address sample𝑋 . As 𝑝𝑖 𝑗 represents the
judgment of the discriminator 𝑑 on whether ˆ𝑦𝑖 𝑗 is corresponding
to the 𝑥𝑖 𝑗 or not. For each address sample, the classification errors
are align by additional weight of 1/𝑝𝑖 𝑗 . Note that if discriminator
𝑑 judges an address 𝑥𝑖 𝑗 ,𝑚𝑥𝑖𝑦𝑖 = 1 to be uncorrect or unreliable
(confidence 𝑝𝑖 → 0), the classification error of this entry will get
significantly boosted. This forces the parsing model 𝑓 to pay more
attention to classify the problematic address sample. For example,
the inclusion of noise in the address description, or conflicting
descriptions at different address levels, can make the parsing model
more difficult to classify correctly. So in such a case, by introducing
a reweighting factor in the loss function to make the parsing model
pay more attention to the addresses that are difficult to classify, it
can make it more robust in the classification of difficult samples.

Table 1: Basic information of the JDL and POI Datasets

JDL POI

Total Amount of Addresses 25,966,413 53,513
Average Length of Address (characters) 31.22 21.78

Average Count of Address per Community 8842.39 20.02
Average Count of Address per Neighborhood 3703.66 10.46

4 Experiments
4.1 Experimental Settings
DatasetsWe evaluate AWLAP’s effectiveness using two real-world
address datasets: POI addresses and JDL addresses. These datasets
represent different common address types in everyday scenarios.
JDL addresses, collected from customer delivery information, typi-
cally contain more irrelevant details and ambiguous descriptions. In
contrast, POI addresses are officially verified and more standardized.
Table 1 summarizes the basic statistics of both datasets.
• Standard address. Beijing’s standard addresses follow a hierar-
chical structure from district to neighborhood level, encompass-
ing 17 districts, 359 streets, and 7,639 communities. We enhanced
this database by manually adding 9,134 neighborhoods with help
from local community managers. These addresses follow a con-
sistent format of <city-district-town-community-neighborhood>
and serve as reference candidates for address matching.

• JDL address. JD Logistics address data combining user-selected
geographic information with detailed address fields to create
natural language descriptions. The dataset covers 7,446 Beijing
neighborhoods and accommodates most address query scenarios.

• POI address. Point-of-interest data from Baidu Maps provides
address descriptions, filtered to focus on "neighborhood" desig-
nations for training and testing. POI addresses typically combine
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Table 2: Evaluation results of AWLAP and the baseline methods in JDL and POI datasets

Type Methods JDL POI
acc@1 acc@5 acc@10 MAP acc@1 acc@5 acc@10 MAP

PLM-based

text2vec-base-chinese 45.48% 67.59% 74.70% 55.72% 53.32% 77.70% 82.91% 64.09%
gte-small-zh 49.35% 72.20% 79.50% 59.84% 59.95% 81.30% 86.28% 69.61%
bge-small-zh-v1.5 52.63% 74.85% 80.40% 62.71% 64.72% 84.76% 87.82% 73.72%
bge-m3 65.75% 85.63% 89.82% 74.70% 70.27% 88.74% 91.70% 78.61%

LLM with RAG
Baichuan-13B-Chat 47.90% - - - 62.71% - - -
Qwen1.5-32B-Chat 55.44% - - - 54.08% - - -
Llama-3-8B 62.32% - - - 64.17% - - -

Ranking-based ColBERT 32.15% 53.61% 60.92% - 35.11% 57.49% 64.66% -
MGeo 35.93% 56.66% 60.99% - 43.57% 72.63% 79.66% -

Variants
AWLAP-only PLM 81.98% 96.55% 97.90% 88.54% 75.43% 91.88% 94.26% 82.65%
AWLAP-self weighting 88.98% 98.96% 99.43% 93.52% 69.84% 85.83% 88.68% 77.12%
AWLAP-without weighting 88.29% 98.82% 99.30% 94.15% 69.72% 85.58% 88.49% 76.91%

Ours AWLAP 93.70% 99.45% 99.70% 96.31% 77.30% 90.15% 92.29% 83.12%

administrative region information with road network details (e.g.,
<province-city-district> plus <road name-road number>).

BaselinesWe selected three different types of models, which are
representative and have outstanding performance in the natural lan-
guage processing field, as baselines in our experiments to evaluate
the effectiveness of AWLAP.

• PLM based methods.We leverage pre-trained language mod-
els to encode addresses and calculate cosine similarity between
natural language descriptions and standard addresses. We evalu-
ated four Chinese-optimized models: text2vec-base-chinese[26],
gte-small-zh[16], bge-small-zh-v1.5[24] and bge-m3[4], ranking
standard addresses by correlation and returning the top match.

• LLMwithRAG.We implement Retrieval-AugmentedGeneration[13]
using bge-m3 to retrieve 50 high-similarity candidate addresses,
then employ language models to generate the best match. We
tested threemodels with Chinese language proficiency: Baichuan-
13B[27], the larger Qwen-32B[2], and the recent Llama-7B[1].

• Ranking based methods. These compute similarity scores
between descriptions and candidate addresses through more so-
phisticated token-level interactions than simple embedding dis-
tances. We compare two state-of-the-art text-matching models:
ColBERT [11] with its efficient late interaction mechanism, and
MGeo[7], a specialized address-focused model.

• Variants of AWLAP. (1) AWLAP-only PLM using fine-tuned bge-
small-zh-v1 encoders; (2) AWLAP-without weight, which elimi-
nates the re-weighting training component; and (3) AWLAP-self
weighting, which uses classifier-generated probabilities instead
of our proposed weighting method.

4.2 Results
Parsing Result for Different Methods. The AWLAP framework
outperforms all baselines in address parsing across both JDL and
POI datasets, as shown in Table 2. JDL addresses follow geographic
hierarchy, while POI addresses often use road network structures,
creating significant distribution differences. JDL’s larger training
dataset yields higher accuracy, while POI’s limited data (only 1% of

JDL’s volume) results in 15% lower top1 inference accuracy. Despite
their strong embedding capabilities on diverse corpora or generative
abilities, PLM-based, RAG-based, and ranking-based approaches
fail to achieve practical real-world performance. This is because
address descriptions differ semantically from standard natural lan-
guage and contain spatial domain-specific relationships between
geographic entities, making accurate parsing difficult without do-
main knowledge. Even MGeo, specialized for address matching,
struggles with ambiguous addresses.

Our ablation study demonstrates the effectiveness of eachAWLAP
component. The PLMmodel with address data fine-tuning (AWLAP-
only PLM) improves top1 accuracy by 29% compared to unfine-
tuned bge-small. Adding a customized classifier on the fine-tuned
address encoder further increases accuracy by 8%. With these foun-
dations plus our adaptive re-weighting strategy, AWLAP achieves
over 90% parsing accuracy. We compared self-weighting (using clas-
sifier output probability) with our proposed method, finding that
self-weighting fails to facilitate learning across different address
samples because it cannot assess the overall sample distribution or
accurately evaluate current sample learning levels.
Robustness of Parsing under Ambiguous Descriptions. To
assess AWLAP’s robustness, we compared it with baselines across
two common ambiguous scenarios: description missing and hierar-
chical conflict (Table 3). Hierarchical conflict occurs when multiple
different communities and streets appear in descriptions or entity
attributions mismatch across levels. Description missing refers to
addresses lacking community and street information. "Conflict" de-
scriptions introduce additional noise compared to "easy" addresses
with complete descriptions, significantly degrading baseline parsing
accuracy. In the "missing" scenario, most baselines perform worse
than in hierarchical conflict scenarios due to insufficient valid in-
formation. Ranking-based methods particularly suffer under these
conditions due to their token-level interaction mechanism. AWLAP,
however, maintains high accuracy even in complex scenarios by
leveraging the pre-trained language model’s fuzzy encoding capa-
bilities and implementing discriminator-based reweighting to learn
differentially from various samples.
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Table 3: Evaluation results for hierarchical conflict and miss-
ing scenarios in JDL datasets

Methods overall conflict missing easy

text2vec-base-chinese 45.48% 38.35% 30.90% 57.17%
gte-small-zh 49.35% 44.76% 39.61% 57.02%
bge-small-zh-v1.5 52.63% 44.59% 27.51% 69.42%
bge-m3 65.75% 57.54% 52.95% 77.55%

Baichuan-13B-Chat 47.90% 39.05% 45.06% 55.68%
Qwen1.5-32B-Chat 55.44% 42.21% 54.66% 65.92%
Llama-3-8B 62.32% 49.11% 59.51% 73.95%

ColBERT 32.15% 33.62% 21.23% 35.54%
MGeo 35.93% 30.81% 32.27% 41.24%

AWLAP-only PLM 81.98% 80.45% 79.83% 84.08%
AWLAP-without weighting 88.29% 87.82% 85.14% 90.99%
AWLAP-self weighting 89.01% 88.23% 86.77% 90.46%

AWLAP 93.70% 92.80% 91.94% 94.88%
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Figure 3: Parsing accuracy of AWLAP and baselines in JDL
and POI datasets under different missing rate

We further evaluated robustness against abbreviations and spelling
errors by randomly masking portions of neighborhood descriptions,
increasing the masking rate from 0% to 40% (Figure 3). At low mask-
ing rates (about 0.1), 1-2 missing words minimally impact deep
learning models. However, as masking increases, PLM, LLM, and
Ranking models struggle to extract valid information, causing sig-
nificant accuracy decline. Notably, the ranking model MGeo can
match or exceed AWLAP at low missing rates due to its deep in-
teraction mechanism and pre-training on extensive POI address
data. However, its accuracy drops dramatically at higher missing
rates (>0.3), revealing limited robustness with ambiguous descrip-
tions. AWLAP maintains high accuracy even at high missing rates
through random dropout during training and adaptive re-weighting,
enabling better knowledge extraction from address descriptions.
Accuracy in different region scale. As Beijing is a very large
city with an area of 16,410.54 square kilometers. In order to evalu-
ate the scalability of the proposed method at different scales, we
consider the main urban areas (small-scale with 5 district and 8,310
candidate standard addresses), the main urban areas and new dis-
tricts (medium-scale with 10 district and 12,942 candidate standard
addresses), and the main and new urban areas plus the suburban
areas (large-scale with 17 district and 17,136 candidate standard
addresses) of Beijing as three different geospatial scales to deter-
mine the accuracy of the address parsing with different numbers of
standard address candidate sets. From Table. 4, it can be seen that

A Hierarchical Address
Management System

Grassroots managers

AWLAP

Parsing Model
(inferring)

Discriminator
(training)

city

district

town

community

neighborhood
Nature language

Description address
(Non-standard)

Detroit, Wayne, Michigan
Brooklyn, Cleveland, Ohio

Seattle, King, Washington

……

Standard Addresses

Region Classification Set

Parsed address 
(Standard)

Hierarchical 
Addresses Data

Address
Parsing
Service

query

result

Data Preprocessing

invokeresponse

Figure 4: AWLAP Applied in Grassroots Governance.

the number of candidate addresses increases with the increase of
city size, and with sufficient training data, the increase of candidate
addresses will not confuse the judgment of the model, maintained
over 93% accuracy. Meanwhile, the deep learning-based classifi-
cation model avoids the similarity calculation with the candidate
addresses, which also makes the inference efficiency of the model
not decrease with the increase of the size of the candidate addresses.

Table 4: Parsing accuracy and average parsing time per ad-
dress for AWLAP at different area scales

Area scale districts standard addresses accuracy time

small-scale 5 2,285 93.67% 1.8ms
medium-scale 10 4,505 93.71% 2.2ms
large-scale 17 7,637 93.70% 1.8ms

4.3 Address Parsing System.
In real-world implementations, AWLAP-based address parsing ser-
vice has been successfully deployed across multiple cities including
Beijing, Datong, and Xinyu, significantly enhancing local govern-
ment address management efficiency. As illustrated in Figure 4, the
deployment architecture integrates seamlessly with existing gov-
ernment systems: municipal administrators maintain authoritative
address databases through the Hierarchical Address Management
System, while AWLAP processes incoming non-standard addresses
after data preprocessing (cleaning and format standardization), us-
ing the official address repository as its classification reference
set. The deployment configuration is remarkably lightweight and
efficient, requiring only the parsing model component while omit-
ting the discriminator module in production environments. This
streamlined architecture enables high-throughput processing while
maintaining minimal server resource requirements, with average
parsing times under 10ms per address on standard hardware con-
figurations. The system employs containerized deployment using
Docker with Kubernetes orchestration, ensuring scalability dur-
ing peak usage periods and facilitating seamless updates without
service interruption. Local governments leverage this technology
to automatically route address-associated resident submissions to
appropriate community offices, effectively replacing previously
manual assignment workflows. The robust handling of ambiguous
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Search Result 3
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Jianwai SOHO West, Yong'anli East Community, Jianwai 
Substrict, Chaoyang District, Beijing

Chaoyang District, Jianwai Substrict, Yong'anli East 
Community

Search Result 4

District, Street, Community:

Chaoyang District, Jianwai Substrict, Yong'anli East 
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Figure 5: AWLAP in WeChat Applet

addresses has proven particularly valuable in densely populated
urban districts where address descriptions often contain colloquial
references or incomplete information. System monitoring indicates
a 78% reduction in manual address verification workload across de-
ployed municipalities, with address parsing accuracy consistently
exceeding 92% in production environments.

Beyond its core governmental applications, we’ve extended the
AWLAP framework to public users through aWeChatmini-program
interface, shown in Figure 5. This consumer-facing deployment
utilizes edge computing principles to distribute processing load,
with the model deployed across regional cloud nodes to minimize
latency. The user-friendly interface allows residents to discover
standardized addresses by entering descriptive keywords, with the
added functionality of geographic scope selection to improve search
precision. The system returns multiple candidate addresses ranked
by confidence score, through which users can access official street
and community information. Load testing confirms the system can
handle up to 10,000 concurrent users with negligible performance
degradation, making it suitable for citywide public adoption.

5 Related Work
Nature Language Understanding in Geospatial Scenario Ad-
dress parsing is a critical natural language understanding task in
urban scenarios. Within geospatial contexts, effectively capturing
implicit spatial relationships is essential, particularlywhen handling
geo-entities like addresses and points of interest (POIs). Pretrained
Language Models (PLMs) have revolutionized natural language pro-
cessing by providing robust representations across various tasks.

While models like BERT [6, 12, 25] and GPT [19, 21] excel in gen-
eral NLP tasks, their application to geospatial data remains nascent.
To address the lack of correlation priors in spatial semantic data,
researchers have adapted PLMs for geo-entity representation. Li et
al. [15] introduced SPABERT, a spatial language model providing
general-purpose geo-entity representation based on neighboring
entities in geospatial data. [10, 23] construct heterogeneous graphs
based on geographical correlations to better capture spatial relation-
ships and enhance representations for POIs and address geo-entities.
For relevance models in search ranking, approaches typically cal-
culate similarity scores between geo-entities or perform binary
classification to determine matches. Previous studies [8] enhanced
geographic representation of address text using contrastive learn-
ing to strengthen similarity between proximate addresses. [7, 30]
augment ranking models with geographical information for multi-
modal (textual and spatial) representation learning in query-POI
scenarios. Recently, LLM-based methods such as RAG [13] have
been applied to numerous NLP tasks. Huang et al. [9] proposed an
LLM agent framework for address standardization.
Re-weighting based Robust Learning Natural language descrip-
tions of addresses are often partially noisy, making it difficult for
models to mine them for meaningful spatio-temporal semantic in-
formation. And different address descriptions have large differences,
when training with the same learning intensity, some samples may
have overfitted, while some samples still do not learn useful infor-
mation. Therefore, robust learning methods based on cost-sensitive
learning or reweighting are applied to such scenarios. Cost-sensitive
reweighting methods assign different weights to samples to adjust
their importance. Commonly used methods include reweighting
samples inversely proportional to the number of classes. For exam-
ple, CB [5] re-weights the loss value to be inverse to the effective
number of samples per class. FL [17] down-weights the loss values
assigned to the majority classes and the well-classified examples.
GHM [14] re-weights the loss values of samples based on their gra-
dients per iteration. And to avoid overfitting in important samples,
Park et al. [20] propose a balancing training method to address the
problems of unbalanced data learning. They derive a new loss by
adding a class-wise reweighting term to balance the training phase,
which mitigates the influence of samples that cause an overfitted
decision boundary.

6 Conclusion
In this paper, we propose the AWLAP framework to solve the ad-
dress parsing problem, which maps natural language descriptions
of addresses to standard address sets. We construct a downstream
multi-classification task based on a pre-trained language model
and design a new multi-level constrained classifier that performs
mapping inference from natural language to standard addresses
by learning correlations between geographic entities under geo-
graphic hierarchy constraints. To adapt the model to address data
with varying degrees of noise and to extract as much information
as possible, we added an additional discriminator that is used to
dynamically generate optimized weights for the classifier during
training. We evaluated the framework on large address datasets
of JDL and POI. Extensive experiments against SOTA baselines
demonstrate the effectiveness and robustness of the approach.
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7 GenAI Usage Disclosure
Generative AI tools were used solely for editing and improving the
quality of existing text, including grammar correction, clarity en-
hancement, and stylistic improvements, similar to standard writing
assistance tools.


	Abstract
	1 Introduction
	2 PRELIMINARIES
	3 Adaptive Weighted Learning-based Address Parsing
	3.1 Spatial Semantic Learning in Address Parsing
	3.2 Parsing Enhanced based on Discriminator-Weighted

	4 Experiments
	4.1 Experimental Settings
	4.2 Results
	4.3 Address Parsing System.

	5 Related Work
	6 Conclusion
	References
	7 GenAI Usage Disclosure

