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Abstract
Abstract

Purpose: Chinese institution names feature complex structures and numerous
rare words, making their recognition challenging. Accurate recognition is crucial
for subsequent informatics tasks such as information extraction, information
retrieval, knowledge mining, and institutional scientific research evaluation.

Method: Based on deep learning-based Recurrent Neural Network (RNN)
methods, and considering the characteristics of Chinese characters and words,
we redefine the input and output for institution name tagging and propose a
character-level recurrent network tagging model.

Results: Using the word-level recurrent neural network method as a base-
line, the character-level model proposed in this paper demonstrates significant
improvements in precision, recall, and F-value for Chinese institution name
recognition, with the F-value increasing by 1.54%. The improvement is more
substantial when rare words are present, with the F-value increasing by 11.05%.

Limitations: The decoding process directly employs a greedy strategy, which
is prone to falling into local optima. Modeling with Conditional Random Field
algorithms could potentially yield globally optimal results.

Conclusion: The proposed method features a simple architecture and can lever-
age character-level features for modeling, achieving superior results compared
to using only word-level features.
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Abstract

[Objective] Chinese organization names exhibit complex structures and con-
tain numerous rare words, making their automatic recognition particularly chal-
lenging. Accurate identification of these names is crucial for subsequent in-
formation science tasks including information extraction, information retrieval,
knowledge mining, and institutional research evaluation. [Methods] Based on
deep learning recurrent neural network (RNN) methods and considering the
characteristics of Chinese characters and words, we redefined the input and
output for organization name tagging and proposed a character-level recurrent
network tagging model. [Results] Using the word-level recurrent neural net-
work method as a baseline, the proposed character-level model achieved signif-
icant improvements in precision, recall, and F-value for Chinese organization
name recognition, with the F-value increasing by 1.54%. The improvement was
even more pronounced for names containing rare words, where the F-value in-
creased by 11.05%. [Limitations] The decoding process directly employs a
greedy strategy, which is prone to falling into local optima; using conditional
random fields for modeling might yield globally optimal results. [Conclusions]
The proposed method features a simple architecture that leverages character-
level features for modeling, achieving better results than approaches using only
word-level features.

Keywords: Organization name recognition; Recurrent neural network; Deep
learning

1 Introduction

Organizations generally refer to agencies, groups, or other enterprises and in-
stitutions, including universities, public and private companies, government de-
partments, religious organizations, research institutions, international organiza-
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tions, sports teams, music groups, military units, and more [1]. The effectiveness
of organization name recognition significantly impacts subsequent tasks such as
information extraction, information retrieval, knowledge mining, and institu-
tional research evaluation. However, Chinese organization names contain many
rare words and exhibit complex structures with substantial variation across dif-
ferent institutions, posing considerable challenges for accurate recognition.

Chinese organization name recognition can be framed as a sequence labeling
problem. Models based on manual feature templates have been the primary
approach for such tasks, employing algorithms including Conditional Random
Fields [2], Support Vector Machines [3]|, and Maximum Entropy models [4].
These methods manually design discriminative feature templates targeting in-
ternal and external characteristics of Chinese organization names, then apply
a powerful sequence labeling model to achieve good recognition performance.
However, such approaches rely heavily on expert domain knowledge and are
difficult to transfer and generalize across different types of corpora. In recent
years, deep learning strategies based on recurrent neural networks have achieved
considerable success in English sequence labeling tasks, including part-of-speech
tagging, Chinese word segmentation, chunking, named entity recognition, and
semantic role labeling [5-6]. Recurrent neural networks do not require specially
crafted manual rules and can automatically learn features from distributed word
vectors for tagging purposes, gradually becoming a research hotspot.

The primary input to recurrent neural networks is word vectors, whose qual-
ity directly determines system performance. For rare words, the model cannot
obtain sufficient contextual information, resulting in poor word vector quality.
Some studies have used complex rules to extract information from Chinese char-
acters to enrich word vectors. For instance, Chen et al. used each character
within a word to enhance Chinese word vectors; to address character ambiguity,
they first clustered characters and used different character vectors for charac-
ters in different clusters [7]. Sun et al. used radicals to enhance Chinese word
vectors, achieving improvements in character similarity comparison and Chinese
word segmentation tasks [8].

However, simple architecture and easy generalization are the main advantages
of recurrent neural networks. Although these complex word vector enhancement
methods can alleviate the problem of sparse word vector information to some
extent, their complex rules and difficult implementation weaken the advantages
of RNNs. To address these issues, this paper proposes a completely character-
based Chinese organization name recognition method that redefines the model’
s input and output. The input consists of Chinese characters and spaces, while
the output uses a new set of organization name tags. This method features a
simple structure, is easy to implement, and requires no manual rules or external
resources.

The main contributions of this paper are twofold: First, it applies recurrent
neural networks to Chinese organization name recognition tasks, verifying the
effectiveness of deep learning for this task; Second, it improves the tagging
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model according to the characteristics of Chinese characters and words, achiev-
ing better tagging performance.

2 Related Work

As a classic sequence labeling task, organization name recognition has long been
a focus of information science research. In recent years, deep learning methods
centered on recurrent neural networks have made new progress in sequence
recognition. This section reviews relevant research from two directions: named
entity recognition and recurrent neural networks.

2.1 Named Entity Recognition Research

Named entity recognition strategies have primarily revolved around rule-based
and statistical methods, with statistical approaches being dominant. Represen-
tative methods include: Sun and Wang provided a systematic and detailed dis-
cussion of named entity research from technical and evaluation perspectives [9];
Pan Zhenggao proposed a probability-based named entity recognition strategy
built upon internal and external rules [10]; Lu et al. completed product named
entity recognition based on Conditional Random Field models [11]; Wu et al. pre-
sented a translation-weighted named entity strategy from the perspective of
cross-language information retrieval [12]; Wang and Wang constructed a multi-
feature knowledge-based named entity recognition model for various entities in
project proposals by statistical analysis of features [13]; Chen et al. combined
part-of-speech and external semantic knowledge from HowNet with Conditional
Random Fields to automatically recognize theoretical entities in academic jour-
nals [14]; Yu et al. proposed a Chinese organization name automatic recognition
method based on role tagging, using the Viterbi algorithm to assign roles to seg-
mentation results according to their function in organization name recognition,
then performing string recognition on the role sequence to ultimately achieve
Chinese organization name recognition [15]; Guan et al. proposed a method
for automatically constructing training corpora for organization names from
user query logs to address the scarcity of such resources [16]; using the con-
cept of cohesion to address information asymmetry and combining contextual
information, they adopted Conditional Random Field models for organization
name recognition. While statistical methods can effectively identify organiza-
tion names across different corpora, they depend on rules and feature templates
designed by experts for specific corpora, making them complex and difficult to
transfer.

2.2 Recurrent Neural Networks

Recurrent neural networks have demonstrated strong tagging capabilities in
many English sequence labeling tasks. Within the RNN framework, using Long
Short-Term Memory (LSTM) modules instead of basic TANH modules yields
better results. Huang et al. used bidirectional LSTM for sequence labeling and
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applied Conditional Random Fields (CRF) in the output layer for decoding, ver-
ifying on multiple datasets for part-of-speech tagging, chunking analysis, and
named entity recognition tasks that the method achieved best performance when
combined with manual rules and pre-trained word vectors [17]. Ma and Hovy
used a bidirectional LSTM-CNNs-CRF model for end-to-end sequence labeling,
employing Convolutional Neural Networks (CNNs) to learn character-level vec-
tors for each word, then concatenating character-level and word vectors into an
enhanced vector input to the bidirectional LSTM model, finally using CRF for
decoding, validating the method on English part-of-speech tagging and named
entity recognition tasks [18]. While English research has begun exploring the ad-
dition of character information in RNNs, similar studies are lacking for Chinese.
English and Chinese differ significantly in characters and words; this paper de-
signs a new algorithm to utilize Chinese character information based on these
characteristics.

3 Methodology
3.1 System Framework

[Figure 1: see original paper] illustrates the tagging system framework, which
consists of four layers. The bottom layer is the input layer, where the origi-
nal model inputs words while our proposed character model inputs characters
and word segmentation markers. The second layer is the vector mapping layer,
converting the first layer’ s input into corresponding distributed representation
vectors. The third layer is the recurrent neural network layer, shown as a two-
layer LSTM network in the figure. The topmost layer is the output layer, where
RNN results are converted to output tags.

This paper improves the first input layer and the top output layer. For brevity,
we directly use “LSTM?” to refer to “LSTM recurrent network,” as LSTM nodes
can currently only be applied within recurrent networks.

3.2 Recurrent Neural Network Models

Recurrent Neural Network (RNN) is a neural network model particularly suit-
able for sequence labeling. In RNNs, at time step t, an input vector z, is
combined with the previous hidden state vector h, ; to generate the current
hidden state, as shown in equation (1):

hy=f(Wz,+Uh,_, +b)

where W € R™*™, U € R™"™, and b € R™ are coefficient matrices in the model,
and f is the activation function. Finally, a Softmax layer can be added above the
hidden state layer for classification tasks. Therefore, RNN can be understood
as taking x as input and producing h as output.

Theoretically, RNNs can retain long-distance memory, but in practice, due to
vanishing and exploding gradient phenomena, original RNN models struggle to
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achieve this. Hochreiter et al. and Sutskever et al. improved upon the original
RNN by proposing Long Short-Term Memory (LSTM) modules, which solve
the long-distance memory problem by adding memory cells and control gates to
RNNs [19-20]. A standard LSTM module [20] operates as follows:

iy = o(Wz, + Uihy_y + ;)

fe=0Wpz, +Ushy_y +by)
o, = o(Wozy + Uy +b,)
gy = tanh(W z, + U by 1 +b,)
=50, +i,0g
h, = o, © tanh(c,)

At step t, the current hidden state h, and memory ¢, are computed from the
previous memory cell ¢, ;, previous hidden state h, ;, and current input z,.
o(-) and tanh(-) are the Sigmoid and tangent functions, respectively. 4,, f;,
o;, and g, serve as control gates using the previous state and current input to
regulate model input/output and memory transfer/preservation. Since memory
cell transfer uses addition operations, the vanishing and exploding gradient phe-
nomena caused by matrix multiplication are resolved during backpropagation.

In LSTM networks, stacking multiple hidden layers where lower layer outputs
serve as higher layer inputs forms Deep LSTM. Simple LSTM networks compute
left-to-right sequentially; computing hidden states simultaneously from right-to-
left is called Bidirectional LSTM. Unless otherwise specified, all LSTM-based
sequence labeling methods below use Bidirectional LSTM.

3.3 Word-Based Organization Name Tagging Model

Using LSTM for word-based organization name tagging is straightforward. [Fig-
ure 2: see original paper] provides a tagging example. The bottom layer is the
input layer where each word belongs to a finite vocabulary set V. The dashed
box contains the vector mapping layer and LSTM network. The top layer is the
output layer producing corresponding tags from a finite tag set S. This paper
uses a three-tag set { B-ORG, I-ORG, S}, where B-ORG indicates the first word
of an organization name, I-ORG indicates subsequent words, and S indicates
words not part of an organization name.

LSTM’ s input at time ¢ is vector z,, so input word v, € V must be converted
to vector z,, called v,” s word vector. Let L be a k xn dimensional dense vector
matrix where k is the vocabulary size, with each column corresponding to a
word in V. Converting input word v, to vector z, simply involves looking up v,’
s index in V within L.
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The current tag s, € S must be computed from hidden state h, using a simple
Softmax function:

exp(fg(hy))
> opres P(fr (hy))

where f,(h;) = wlh, + by, linearly transforms state h, to a real number, with
wy, as an n-dimensional coeflicient vector and b, as a bias term. Cross-entropy
is used to compute the loss function. The loss at time ¢ is:

L, = Zyt ) log(p(s, = k))

keS

p(s, = klhy) =

where y, (k) = 1 if the true tag at step ¢ is k, otherwise 0. The total loss function
is the sum of each step’ s loss:

L:ZLt:_Zzyt ) log(p(s; = k))

t keS

Model parameters include LSTM parameters, word vector matrix L, and pa-
rameters wy, b, for each tag k.

3.4 Character-Based Organization Name Tagging Model

[Figure 3: see original paper]| illustrates the character-based tagging example.
In the input layer, instead of words, individual Chinese characters and segmen-
tation symbols <GO> are input. <GO> indicates that the next input character
and previous input character do not belong to the same word. The LSTM layer
is identical to the word model. In the output layer, tags are only produced at
positions corresponding to <GO>.

This model inputs characters that must first be converted to character vectors
via a lookup table before LSTM input. The loss function is only computed at
<GO> positions. Therefore, we propose a new total loss function:

L=— Z Zyt IOg St :k>)

t where i(t)=GO keS

where i(t) denotes the input character at step t.

Regarding experimental setups for Chinese organization name recognition, there
are two approaches. The first inputs raw text to build an integrated word seg-
mentation and organization name recognition model, as in Zhou et al.’s research
[2]. The second performs organization name recognition on pre-segmented cor-
pora, as in Pan Zhenggao’ s study [10]. This paper follows the second approach.
Both setups may utilize character features, presented as feature templates, but
our usage is fundamentally different—we directly use characters as the basic
input unit.
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4 Experiments
4.1 Dataset and Evaluation Metrics

Model performance was tested using the People’s Daily corpus from the first half
of 1998, released by the Institute of Computational Linguistics at Peking Uni-
versity. The corpus is pre-segmented and annotated with organization names
marked as “nt” . The character model’ s performance was evaluated against
the word model baseline. In experiments, February 1998 data served as the test
set, while January, March, April, May, and June 1998 data formed the training
set. For the word model, the vocabulary built from training data contained
40,000 entries, including 39,999 high-frequency words and one rare word token
‘RAREWORD” . Words not appearing in the vocabulary during testing were
marked as rare words. Similarly, a character table was built containing 5,500 en-
tries: 5,498 high-frequency characters, one rare character token “RARECHAR”
, and one segmentation symbol “GO” . shows statistics for words, characters,
and rare items in the corpus. In the test set, rare words account for 3.18%, while
rare characters are only 0.01%—almost negligible—demonstrating that character-
based methods encounter fewer out-of-vocabulary issues.

Three metrics evaluate organization name tagging: precision P, recall R, and
F-value, calculated as:

T
R:%XNO%
2PR
= 1
PR x 100%

where T is the number of correctly tagged organizations, M is the total number
of organizations in the test set, and N is the number of entities tagged by the
model.

4.2 Parameter Settings

Mini-batch stochastic gradient descent was used for backpropagation with batch
size 20 and initial learning rate 1.0, decreasing by a factor of 0.8 starting from
epoch 5, for a total of 13 epochs. The word model’ s maximum backpropagation
steps were set to 35; since the character model requires more steps, its maximum
was set to 55. All parameters were initialized to random values between -0.1
and 0.1. To prevent gradient explosion, gradient clipping [21] was applied with
a threshold of 5.0. To mitigate overfitting, Dropout [22] was used with a rate
of 0.8.

4.3 Experimental Results

presents recognition results with 2 hidden layers of dimension 650. “Overall”
indicates performance on all organization names, while “Containing rare words”
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refers to cases where organization names include one or more rare words. Overall,
the character model’ s precision is 1.23% higher than the baseline, recall is 1.82%
higher, and F-value is 1.54% higher. Performance on rare words is particularly
outstanding, with precision 8.87% higher, recall 12.37% higher, and F-value
11.05% higher. The high metrics for rare words indicate that our method offers
significant advantages when transferring to different corpora.

Error analysis reveals two main cases where the character model misses organiza-
tion names (reducing recall). First, corpus annotation omissions or controversial
cases: for example, in “BSKE=4F [$HEH] HFEL " , the corpus omits the
tag but the algorithm correctly identifies it; similar cases include “[EIRFHFHEIE
B]” and “[ghiEeBI"|” . Controversial cases include “EHN#HARRTH [PRXFEBH]
—f” , where the model identifies “EX [MARBHFLRIFEHBFL] —A” . In our
view, the character model’ s conclusion is also reasonable, as using location as an
organization name prefix is acceptable. Second, rare place names are sometimes
misidentified as organization names because locations often constitute part of
organization names, such as “ZARIHAC (Venezuela) and “Hit” (Switzerland).
Observation shows the first case is the primary factor reducing recall.

The character model incorrectly tags non-organization names (reducing preci-
sion) in several situations. Most commonly, illegal overall tagging patterns oc-
cur: a legal organization name tag should begin with B-ORG followed by I-ORG
tags (e.g., “[PHREETHSEZERR] —» “B-ORG I-ORG I-ORG I-ORG I-ORG
I-ORG” ), but the model might tag “B-ORG S I-ORG I-ORG I-ORG I-ORG” .
Second, insufficient training data causes errors, such as with “[#EEREZHEAR
Pl F£K]”, which is frequently misidentified because “42BR” appears rarely in the
training corpus and seldom in organization names, preventing correct learning.

In summary, recall errors mainly stem from corpus annotation omissions or
controversial annotations, while precision errors primarily arise from insufficient
data and illegal tagging patterns. For insufficient data, future work will use large-
scale unannotated corpora to train character vectors and introduce multi-task
learning techniques. For illegal tagging, CRF models can constrain outputs for
more precise results.

5 Conclusion

This paper proposes a character-level Chinese organization name tagging model
based on bidirectional deep LSTM, considering Chinese character and word char-
acteristics. Compared to the baseline word-level model, the character model
shows clear improvement in recognition capability, particularly for tagging rare
words, demonstrating significant advantages when transferring to new corpora.
Benefiting from deep learning, our model is fully end-to-end and no longer relies
on manually designed rules, making it simpler and more user-friendly than tra-
ditional feature template methods. Future work will explore other deep learning
methods for Chinese sequence labeling and attempt new approaches to further
improve tagging performance.
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ACRL Launches Information Literacy Framework Sandbox

The Association of College and Research Libraries (ACRL) Framework Advi-
sory Board (FAB) recently announced the launch of the ACRL Framework for
Information Literacy sandbox at sandbox.acrl.org.

The sandbox is a publicly accessible platform and repository that helps librarians
and their educational partners discover, share, collect, and use ongoing work
related to the ACRL Framework for Information Literacy in Higher Education
for practice and professional development. The sandbox is a dynamic resource
with content created by contributors engaged with the Framework.

ACRL President Irene M.H. Herold stated: “ACRL has launched this innovative
resource to support the needs of librarians engaging with the Framework in
various academic environments. By providing opportunities to discover and
share teaching and professional development resources related to the Framework,
the sandbox will help librarians promote the integration of information literacy
into student learning. The sandbox will be members-only, so we encourage
everyone to participate and contribute.”

In this platform, visitors can browse and contribute by searching for materials
that meet their needs and share their own materials with others. The sandbox
will facilitate collaboration when librarians discover cases applicable to their
libraries or find others researching similar topics.

For information on how to make the most of the sandbox, please refer to the
sandbox help center.

(Compiled from: http://acrl.ala.org/framework /?p=332)
(News from this journal)

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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