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ABSTRACT

In this paper, we remodel the bi-directional LSTM (Bi-LSTM) network for Chinese
Named Entity Recognition (NER). We convert LSTM from chain-like structure
into tree structure which is fixed to the dependency parsing tree of the sentence.
The new structure model can fully leverage the syntax information of the sentence
and has the capability of capturing long-range dependencies. In addition, we use
dependency parsing label embedding to improve the performance of our approach.
Experimental studies on four benchmarking Chinese NER datasets have verified
the effectiveness of our approach.

1 INTRODUCTION

Named Entity Recognition (NER) is mainly treated as a sequence labeling task. Bi-LSTM-CRF
model (Huang et al., 2015) is a widely used network model for NER task. However, the structure of
long short-term memory (LSTM) is chain-like structure which is confronted with the challenge of
long-term dependencies. To alleviate this problem, we consider to use recursive neural networks with
a computational graph which is structured as a deep tree. Socher et al. (2011; 2013) verify that the
tree structure can be fixed to the structure of the parse tree of the sentence. By using tree structure
to transfer information, the length of information path is reduced, and the structure contains syntax
analysis as additional information. However, we use dependency parsing tree rather than parse tree in
this paper. Dependence grammar is the framework that demonstrate the language structure with the
dependent relationship between the words. The use of the dependence grammar for parsing is one of
the important means of natural language understanding. Dependency parsing breaks the rule that the
subject is the sentence center in the traditional syntax analysis, and takes the verb in the predicate as
the center of a sentence. Besides, the dependent relationship between two words denotes that one
word dominate another, which means the relationship is directional. So the dependency parsing tree
is sufficed for replacing the chain structure as the carrier of the information flow for LSTM, hardly
do traditional syntax analysis suffice.

NER models can be divided into character-based model and word-based model (Zhang & Yang,
2018), while tree structure comes with the word-based model. The advantage of word-based model
compared to character-based model is that semantic information such as words information and
syntax information can be used more precisely. The mainstream character-based algorithms that
leverage words information are equipped with lattice model (Zhang & Yang, 2018), the usage of
word information is indistinctly. Although the attention mechanism of transformer model (Vaswani
et al., 2017) can automatically learn a number of syntax information, the search space is huge and the
target function is not clear, the usage of information is not complete.

The disadvantage of word-based model is that propagating errors of upstream steps such as word
segmentation will reduce validity of the model. Upstream errors will affect the detection of entity
boundary and the prediction of entity category in NER. Propagating errors in our approach are
segmentation errors, Part-of-Speech (POS) tagging errors and dependency parsing errors. However,
with the upstream algorithms updating in the future, the propagation errors should be gradually
reduced.

In this paper, we take the advantages of the word-based Chinese NER method in Zhang & Yang
(2018), and remodel the Bi-LSTM (Graves & Schmidhuber, 2005) from chain-like structure into
tree structure which is fixed to the dependency parsing tree of the sentence. We enrich the word
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representation with arc label embedding. Besides, we equip the proposed method with pre-trained
model.

2 BACKGROUND AND RELATED WORK

Character-based methods mainly use character and bi-character information. However, The lattice
model has been widely used in character-based methods (Zhang & Yang, 2018; Gui et al., 2019b;
Sui et al., 2019; Ma et al., 2020; Li et al., 2020) by encoding and matching words in the lexicon to
capture word information. Moreover, radical-level information has also been used in Character-based
methods (Dong et al., 2016; Han et al., 2021; Wu et al., 2021) to fuse the structural information of
Chinese characters.

Word-based methods mainly use word and POS information. However, it’s more effective when
combining character information into word information (Zhang & Yang, 2018). Recently, Dependent
information has been proved to be useful in several natural language processing (NLP) tasks, and it
comes with word-based method. Zhang et al. (2018) propose using the dependency parse trees to
construct a graph for relation extraction. Zhang et al. (2021) propose to use SHV which is regarded
as dependency forests for event extraction. Chen & Kong (2021) add a GAT layer to capture the
internal dependency of phrases for NER task.

Generic architectures for NER task include the Bi-LSTM (Zhang & Yang, 2018; Ma et al., 2020),
the Convolutional Neural Network (Gui et al., 2019a) and the transformer (Xue et al., 2019; Li
et al., 2020; Wu et al., 2021). For transformer variants, Chen & Kong (2021) use Star-transformer
(Guo et al., 2019) to construct a lightweight baseline system, and Wu et al. (2021) propose a Multi-
metadata Embedding based Cross-Transformer (MECT). Although transformer has resently exceeded
the traditional recurrent neural network (RNN) in various tasks, Bi-LSTM still has its vitality on
NER. Character-based method SoftLexicon in Ma et al. (2020) still use Bi-LSTM as its sequence
modeling layer, and become one of state-of-the-art methods.

3 MODEL

3.1 CONVERTING LSTM INTO TREE STRUCTURE

Figure 1 illustrates the dependency parsing result of a Chinese sentence. The result of the dependency
parsing can be transformed into the tree structure. Figure 2 illustrates the dependency parsing tree of
this sentence.
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Figure 1: Dependency parsing of the sentence.

After getting dependency parsing tree from a sentence, LSTM can be converted from chain-like
structure into tree structure. Since bidirectional LSTM is greater than mono directional LSTM, the
tree structure LSTM is also consist of two directions. The route of forward direction is from root
node to the leaf nodes along with the dependency parsing tree. The route of back-forward direction
is from leaves to the root. Besides, before the root of forward direction, a back-forward direction
process is carried out to merge the information of the sentence. Finally, the outputs of bidirectional
LSTM are concatenated as the inputs of CRF nets. The whole structure of the model is shown in
Figure 3.
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Figure 2: Dependency parsing tree of the sentence.
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Figure 3: Overall structure of the model.
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Embeddings: Both character CNN (Ma & Hovy, 2016) and LSTM (Lample et al., 2016) have been
used for getting the information of the character sequence within a word. In accordance with the best
result in Zhang & Yang (2018), we use word embedding + (char + bichar LSTM) as our baseline
word representation. In char + bichar LSTM, a Bi-LSTM is used to learn hidden states for the
character sequence in the word. For instance, c1, . . . , clen(w) denote the character sequence in the
word w. The character represent is obtained by concatenation of character embedding and bi-character
embedding. hf

1 , . . . ,h
f
len(w) and hb

1, . . . ,h
b
len(w) respectively denote the forward direction and the

backward direction hidden states for c1, . . . , clen(w). The final output for the representation of w is
[hf

len(w);h
b
len(w)].

At the meantime, we introduce POS tags and dependency parsing labels (arc labels) to enrich
discrete representations. Although POS tags P = {NN,V V, V A,AD,PU, . . . } and arc labels
L = {amod, tmod, nsubj, csubj, dobj, . . . } are relatively small discrete sets, they still exhibit many
senmantical similarities like words (Chen & Manning, 2014). The final word representation is
obtained by concatenation of word embedding, output of char + bichar LSTM, POS embedding and
arc label embedding.

3.2 TREE STRUCTURE LSTM MODEL

Figure 3 illustrates the overall structure of the tree structure LSTM model (tree LSTM). The forward
direction of tree LSTM consists of all routes which are from root node to leaf nodes. In contrast, the
back forward direction routes are from leaves to root. Since two directions are not the same pattern,
there are two kinds of LSTM cells in this model. The cell in the forward direction is the same as the
original sequential LSTM cell. The information flows from one to one. The cell functions are :ij

oj

fj

gj

 =

 σ
σ
σ

tanh

(
WT

[
xj

hj−1

]
+ b

)
, (1)

cj = fj ⊙ cj−1 + ij ⊙ gj , (2)
hj = oj ⊙ tanh(cj). (3)

where jth denotes time steps. ij , fj and oj are a set of input, forget and output gates, respectively.
xj is the current input vector. cj is the current state unit. hj is the current hidden layer vector. WT

and b denote respectively weight and bias parameters. σ() represents the sigmoid function.

On the back forward direction, the information flows from several (>= 1) child cells to the parent
cell. The information from these child cells should be merged. The cell functions are :ik,j

ok,j

fk,j

gk,j

 =

 σ
σ
σ

tanh

(
WT

[
xj

hk,j−1

]
+ b

)
, k ∈ Dj , (4)

αk,j =
exp(fk,j)∑

k′∈Dj
(exp(fk′,j) + exp(ik′,j))

, k ∈ Dj , (5)

βk,j =
exp(ik,j)∑

k′∈Dj
(exp(fk′,j) + exp(ik′,j))

, k ∈ Dj , (6)

cj =
∑
k∈Dj

(αk,j ⊙ ck,j−1) +
∑
k∈Dj

(βk,j ⊙ gk,j), (7)

ck,j = fk,j ⊙ ck,j−1 + ik,j ⊙ gk,j , k ∈ Dj , (8)

ok,j =
exp(ok,j)∑

k′∈Dj
exp(ok′,j)

, k ∈ Dj , (9)

hj =
∑
k∈Dj

(ok,j ⊙ tanh(ck,j)). (10)

where Dj includes all the front (jth-1) child cells of the current (jth) parent cell. xj is the current
input vector. hk,j−1 is the hidden layer vector of the (kth-1) child cell. ck,j−1 is the state unit of
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the kth child cell. ik,j , fk,j and ok,j are respectively input, forget and output gates corresponding to
the kth child cell. Parameters of αk,j , βk,j , and ok,j are calculated with softmax function. cj is the
current state unit. hj is the current hidden layer vector.

3.3 CRF MODEL

After tree structure LSTM, we take the representation of {h1,h2, . . . ,hj , . . . } into a Conditional
Random Field (CRF) layer (Lafferty et al., 2001). This layer is verified to be typically effective
for sequence labeling, and widely used in the end of most NER models. Given a sequence s =
{s1, s2, . . . , sn}, the probability of a label sequence y = {y1, y2, . . . , yn} can be defined:

P(y|s) =
∑n

j=1 exp(f(yj−1, yj , sj))∑
y′∈Y (s)

∑n
j=1 f(y

′
j−1, y

′
j , sj)

. (11)

where Y (s) denotes all arbitrary label sequences, f(yj−1, yj , s) denotes the transition score from
yj−1 to yj and the score for yj . The Viterbi Algorithm is used to calculate the maximum likelihood
of P(y|s) .

3.4 HYPERPARAMETER CONFIGURATION

The hyperparameter values of the networks are detailed in Table 1. We keep the same settings of the
hyperparameter values in Zhang & Yang (2018).

Table 1: Hyperparameter values used in the model.

Param Value Param Value
word emb size 50 char hidden dim 50
char emb size 50 hidden dim 200
bichar emb size 50 dropout 0.5
POS emb size 50 learning rate lr 0.015
arc-label emb size 50 lr decay 0.05
batch size 1 momentum 0
LSTM layer 1

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Data: We use four Chinese NER datasets, including: (1) OntoNotes 4.01 (Ralph et al., 2011). We
adopt the same pre-process of OntoNotes as described in Che et al. (2013). (2) MSRA (Levow, 2006).
(3) Weibo NER2 (Peng & Dredze, 2015; He & Sun, 2016). (4) Resume NER3 (Zhang & Yang,
2018). OntoNotes and MSRA are datesets of news domain, while Weibo NER and Resume NER are
come from the website Sina Weibo and Sina Finance, respectively.

Segmentation: Gold-standard word segmentation is available in OntoNotes and the training set of
MSRA. On the other hand, no segmentation is available in the testing set of MSRA, nor the Weibo
or Resume dataset. We use the word segmentor of Yang et al. (2017), and segment the datasets
in the same way as Zhang & Yang (2018) except MSRA. However, the entities in the training set
of MSRA are not segmented. There are only ’S’ and ’O’ tags in the training set. Hence, after
segmenting the testing set with the model trained on the training set, we manually correct the entities
as gold segmentation result. On the other hand, the training set and the testing set are automatically
segmented as auto segmentation result.

1https://catalog.ldc.upenn.edu/LDC2011T13
2https://github.com/cchen-nlp/weiboNER
3https://github.com/jiesutd/LatticeLSTM
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POS: In four datasets, gold-standard POS tagging is only available in OntoNotes. The POS tags are
automatically assigned with Standford CoreNLP tool (4.2.2 release)4.

Dependency parse: In four datasets, gold-standard parsing is only available in OntoNotes. We
convert gold parsing trees into dependency parsing trees with Standford CoreNLP tool. Dependency
representation is Stanford Basic Dependencies (De Marneffe et al., 2006) and dependency architecture
is single tree. Standford CoreNLP tool is also used to automatically parse syntactic dependency for
four datasets.

Embedding: Word, character and character bigram embeddings are pretrained on Chinese Giga-Word
using word2vec (Mikolov et al., 2013), which are released by Zhang & Yang (2018). We use the
sentences with POS tags in Ontonotes 5.05 (Pradhan et al., 2013) dataset as the training corpus for
word2vec, and the Gensim6 tool is used to generate embeddings of POS tags. The training parameters
are shown in Table 2. We extract one million sentences from sogou news corpus7 (SogouCS), and use
the Stanford CoreNLP tool to parse the sentences into dependency syntax. After that, we extract all
the paths from root to leaf node of each sentence, e.g., amod → tmod → subj → csubj → dobj.
These paths are taken as the training corpus for word2vec, and the Gensim tool is also used to generate
embeddings of dependency labels (arc labels). The training parameters are also shown in Table 2. All
of embeddings above are fine-tuned at model training.

Table 2: Settings for word2vec in Gensim.

Param POS embeddings Arc label embeddings
Vector size 50 50
Algorithm skip-gram skip-gram
Window 5 2
Min count 0 0
Others default default

The NER label is marked by BMESO. Precision (P), Recall (R) and F1 score (F1) are used as
evaluation metrics.

4.2 OVERALL PERFORMANCE

We applied the word-based methods as baseline for comparison on OntoNotes, as shown in Table 3.
‘BiLSTM (word based)’ denotes the best Bi-LSTM word-based method in Zhang & Yang (2018). Our
method is superior to this method by 3.04% (F1) for gold process and 2.62% (F1) for auto process.

Table 3: Main results on OntoNotes.

Input Models Lexicon P R F1
Gold seg
+Gold POS
+Gold parse

Yang et al. (2016) – 72.98 80.15 76.40
BiLSTM (word based) YJ 78.62 73.13 75.77
Tree LSTM YJ 77.15 80.54 78.81

Auto seg
+Auto POS
+Auto parse

BiLSTM (word based) YJ 73.36 70.12 71.70

Tree LSTM YJ 72.91 75.78 74.32

We also compared our method with several state-of-the-art methods on the four datasets to verify its
effectiveness, as shown in Table 4. The results of other methods are from their original papers. All

4https://stanfordnlp.github.io/CoreNLP
5https://catalog.ldc.upenn.edu/LDC2013T19
6https://github.com/RaRe-Technologies/gensim
7https://hyper.ai/datasets/5487
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other methods are based on character except ‘BiLSTM (word based)’ and ‘Star+GAT+MultiTask’. It
can be seen that character-based method is the mainstream of NER in recent years. The proposed
method is superior to character-based methods for gold process (on Ontonotes and MSRA), and
the effect of it is close to character-based methods for auto process. ‘Star+GAT+MultiTask’ is the
state-of-the-art word-based method. The proposed method is inferior to it by 1.14% on the OntoNotes
and by 10.33% on the Weibo. In other words, the effect of the proposed method is close to it on
the normative dataset, but much worse to it on the dataset with language problem in norm. Because
the syntactic parse tree is used as the main structure and no additional strategies are added, there is
requirement for the normalization of sentences.

Table 4: Four datasets results (F1). ‘YJ’ denotes the pre-trained embeddings released by Zhang &
Yang (2018), and ‘LS’ denotes the pre-trained embeddings released by Li et al. (2018). Results of
‘BiLSTM’ and ‘Lattice LSTM’ are from Zhang & Yang (2018). Results of ‘LR-CNN’ are from Gui
et al. (2019a). Results of ‘LGN’ are from Gui et al. (2019b). Results of ‘PLT’ are from Xue et al.
(2019). Results of ‘FLAT’ are from Li et al. (2020). Results of ‘SoftLexicon (LSTM)’ are from Ma
et al. (2020). Results of ‘Star+GAT+MultiTask’ are from Chen & Kong (2021). Results of ‘MECT’
are from Wu et al. (2021).

Model Pre-emb Ontonotes MSRA Weibo Resume

BiLSTM (word based) YJ gold: 75.77
auto: 71.70 90.28 52.33 93.58

BiLSTM (char based) YJ 71.81 91.87 56.75 94.41
TENER – 72.82 93.01 58.39 95.25
Lattice LSTM YJ 73.88 93.18 58.79 94.46
LR-CNN YJ 74.45 93.71 59.92 95.11
LGM YJ 74.85 93.63 60.15 95.41
PLT YJ 74.60 93.26 59.92 95.40
FLAT YJ 76.45 94.12 60.32 95.45
FLAT LS 75.70 94.35 63.42 94.93
SoftLexicon (LSTM) YJ 75.64 93.66 61.42 95.53
Star + GAT + MultiTask LS 79.95 – 70.14 –
MECT YJ 76.92 94.32 63.30 95.89

Tree LSTM YJ gold: 78.81
auto: 74.32

gold: 95.94
auto: 91.76 59.81 94.73

4.3 ABLATION EXPERIMENTS

As shown in Table 5, we remove a component of the proposed method each time to validate its effect.
The ablation study is conducted with gold-standard process on the Ontonotes. POS embeddings and
arc label embeddings are directly concatenated into the word presentations. ‘Merged root’ denotes the
back-forward direction process before the root of forward direction in the tree LSTM. In the forward
direction, the flow of the information is only along a branch of the tree. Each node can only obtain
the flow of the parent node. They can’t obtain the information of the bypass node. Therefore, the
initialization of the root node is of great significance. We use ‘merged root’ to merge the information
of the whole sentence for initialization instead of the random initialization. From table we can find
that each component contributes to the proposed model.

4.4 COMPATIBILITY WITH BERT

Recently, the pre-trainded model has an excellent effect on all kinds of NLP tasks. We also equip our
model with BERT (Devlin et al., 2018) on four datasets, and results are shown in Table 6. We use
fastNLP8 tool to generate BERT embeddings and concatenate them into the character and the word

8https://github.com/fastnlp/fastNLP
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Table 5: An ablation study of the proposed model.

Model P R F1
Tree LSTM 77.15 80.54 78.81
– POS embedding 79.58 73.27 76.29
– arc label embedding 77.23 79.29 78.25
– merged root 77.74 79.01 78.37

representations, respectively. The pre-trained BERT model is ‘BERT-wwm’ which is released by Cui
et al. (2020). The BERT embedding size is 768. The character hidden dimension in char LSTM is set
from 50 to 500, which can fully leverage BERT embedding.

Table 6: Results (F1) of models equipped with BERT. ‘BERT’ denotes the BERT+MLP+CRF
architecture, and the results of it are from Li et al. (2020). ‘BERT+model’ represents the model in
Table 4 which is equipped with BERT.

Model Pre-emb Ontonotes MSRA Weibo Resume
BERT – 80.14 94.95 68.20 95.53
BERT+ FLAT YJ 81.82 96.09 68.55 95.86
BERT+ SoftLexicon (LSTM) YJ 82.81 95.42 70.50 96.11
BERT+ MECT YJ 82.57 96.24 70.43 95.98

BERT+ Tree LSTM YJ gold: 80.78
auto: 77.92

gold: 97.13
auto: 94.07 64.46 95.52

We find that the proposed model equipped BERT has improved significantly. The results of Weibo
require special instructions. As shown on Figure 4, the final results (F1=64.46%) come from the best
development results (F1=73.08%). However, the F1-value is the minimum after 20th epoch, while
the best F1-value is up to 68.80%. All the other models in the Table 6 are character-based model.
However, Chinese BERT model is originally designed to generate character embeddings rather than
word embedings, the proposed model doesn’t improve as much as these character-based models.

0 20 40 60 80 100
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0.62

0.64

0.66

0.68

0.70

0.72
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0.7308

0.6446
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Figure 4: Results (F1) of the proposed model equipped with BERT on the Weibo dataset.
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5 CONCLUSION

This paper presents a tree structure LSTM for Chinese NER. The tree structure model shows
the capability of capturing long-range dependencies. With the use of arc label embedding, the
performance of tree structure model is still further improved. Experimental studies on four Chinese
NER datasets have verified the effectiveness of this model. Because propagating errors always
exist in the inherent structure of the word-based model, further studies that consider joint model of
segmentation, POS, dependency parsing and NER are necessary.
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