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Abstract

In recent years, many researchers have leveraged structural
information from dependency trees to improve Named Entity
Recognition (NER). Most of their methods take dependency-
tree labels as input features for NER model training. How-
ever, such dependency information is not inherently provided
in most NER corpora, making the methods with low usabil-
ity in practice. To effectively exploit the potential of word-
dependency knowledge, motivated by the success of Multi-
Task Learning on cross-domain NER, we investigate a novel
NER learning method incorporating cross-domain Depen-
dency Parsing (DP) as its auxiliary learning task. Then, con-
sidering the high consistency of word-dependency relations
across domains, we present an unsupervised domain-adapted
method to transfer word-dependency knowledge from high-
resource domains to low-resource ones. With the help of
cross-domain DP to bridge different domains, both useful
cross-domain and cross-task knowledge can be learned by
our model to considerably benefit cross-domain NER. To
make better use of the cross-task knowledge between NER
and DP, we unify both tasks in a shared network architec-
ture for joint learning, using Maximum Mean Discrepancy
(MMD). Finally, through extensive experiments, we show our
proposed method can not only effectively take advantage of
word-dependency knowledge, but also significantly outper-
form other Multi-Task Learning methods on cross-domain
NER. Our code is open-source and available at https://github.
com/xianghuisun/DADP.

Introduction
Named Entity Recognition (NER) is the foundation for
many tasks of information extraction, aiming to locate and
identify named entities in natural-language sentences, such
as Person and Location (Li et al. 2022). The extracted named
entities carry rich semantic information which plays an im-
portant role in downstream NLP tasks, such as Entity Res-
olution and Question Answering (Li et al. 2022). In prac-
tice, the main challenge of NER comes from the sparsity
issue of data annotation, which may cost unaffordable ef-
forts from human experts to label named entities in text cor-
pora. Due to the high cost of manual labelling, cross-domain
NER has attracted widespread attention from academy and
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industry. In recent years, Multi-Task Learning (MTL) (Caru-
ana 1997) is widely used in solving cross-domain NER.
Researchers claim that cross-domain NER task can benefit
greatly from the contextual representations learned from re-
lated cross-domain NLP tasks, such as Entity Type Predic-
tion (Qian et al. 2021) and Language Modeling (Liu et al.
2018). Shared knowledge across different tasks and differ-
ent domains is regarded as the key factor to the success of
Multi-Task Learning on cross-domain NER.

Dependency Parsing (DP) (Dozat and Manning 2017) is
a classical NLP task to retrieve a syntactic structure from
sentence, named as Dependency Tree which discloses long-
distance and pairwise-relation information of words. Many
studies show the effectiveness of adopting dependency-tree
information on improving NER (Jie, Muis, and Lu 2017; Li
et al. 2021; Guo, Zhang, and Lu 2019). Compared to other
auxiliary NLP tasks commonly used in Multi-Task Learn-
ing, DP seems to be more promising in introducing shared
cross-task knowledge to NER, because the boundary of a
named entity often corresponds to the boundary of a sub de-
pendency tree in sentence-level. For example, in Figure 1,
given the named entity The Cape of Good Hope, we can
easily observe that its start position and end position are the
same to the start position and end position of the sub depen-
dency tree rooted at Cape. Certainly, such boundary knowl-
edge learned from DP has great value to be used across tasks
to help finding named-entity boundary. However, there ex-
ists a practical problem to join DP and NER, that DP anno-
tation is not an inherent part of natural-language sentences
and is barely provided in NER corpora. Apparently, it is un-
realistic to manually label dependency relations for target
data, which is time-consuming and labor-intensive.

To address the DP labelling problem, a promising solution
is to adopt cross-domain DP as the auxiliary task to jointly
learn with NER. By utilizing Domain Adaptation (DA) tech-
niques (Wang and Deng 2018), cross-domain DP is able to
transfer learned DP knowledge from high-resource domains
to low-resource domains. In this way, with limited DP la-
bels, useful cross-task knowledge from cross-domain DP
can be acquired for NER. Furthermore, with relatively in-
variant syntactic features learned through DP domain adap-
tation, cross-domain DP can also be used to bridge differ-
ent domains for cross-domain NER. Intuitively, compared
to other NLP tasks, such as NER whose data distribution
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Figure 1: Example sentences are given with dependency re-
lations on the top and named-entity spans on the bottom. The
first sentence comes from Geography Domain and the sec-
ond sentence comes from Entertainment Domain.

may shift frequently with domain changing, DP usually has
a relatively stable distribution across domains. It is because
that no matter what data domain is, sentences of the same
language usually share the same grammar and syntax, lead-
ing to the consistency of DP across different domains. For
illustration, in Figure 1, the phrase The Cape of Good Hope
may refer to a Location entity in Geography Domain and
change to an Art entity in Entertainment Domain, but its
dependency-tree structural information remains consistent
across the two domains. This example shows that cross-
domain grammar knowledge sometimes is more stable and
useful than cross-domain semantic knowledge on finding
named entities, when the topics of two domains are signifi-
cantly different. Therefore, attracted by both cross-task and
cross-domain knowledge of DP, we are interested in utiliz-
ing cross-domain DP to benefit cross-domain NER in MTL
framework.

Motivated by the above, in this paper, we propose a
novel MTL framework for cross-domain NER, using cross-
domain DP as the auxiliary task, and our contributions
are summarized as follows. First, targeting the sparsity is-
sue of dependency labels, we learn the DP knowledge in
high-resource labelled domains, and take the idea of do-
main adaptation, to transfer the learned knowledge to low-
resource unlabelled domains. Second, to make the learned
DP representations adapted to both the source and target
domains without supervision, Maximum Mean Discrepancy
(MMD) (Gretton et al. 2012) is then used as the metric to
minimize the difference between DP representation distribu-
tions of the two domains. Third, for better use of the cross-
task knowledge between NER and DP, we unify both tasks
in a shared network architecture for joint learning, to ob-
tain more representative semantic features. In this way, at
the top of the network structure, a biaffine classifier (Dozat
and Manning 2017) is employed to identify named enti-
ties, based on the learned common and unique knowledge
from NER and DP. Finally, through extensive experiments,
we show our proposed method can not only effectively take
advantage of dependency knowledge, but also significantly
outperform other Multi-Task Learning methods on cross-
domain NER.

Related Works

Recently, utilizing dependency-tree information in NER
models seems to be a broadly adopted strategy. For example,
(Jie, Muis, and Lu 2017) exploits the global structured infor-
mation of dependency trees to guide NER learning. To cap-
ture exact interaction information of dependency trees, (Xu
et al. 2021) proposes a novel LSTM-based NER method. (Li
et al. 2021) and (Guo, Zhang, and Lu 2019) adopt the infor-
mation of dependency-guided graph convolutional networks
to improve NER. However, all of the methods inevitably re-
quire dependency information as indispensable inputs, lead-
ing to a practical problem since such annotations are costly
to obtain.

Multi-Task Learning is a promising technique widely
used in cross-domain NER field, aiming to jointly learn
NER with other NLP tasks to improve the semantic repre-
sentations. (Qian et al. 2021) takes sentence-level named
type prediction as the auxiliary task for cross-domain
NER. (Xiao et al. 2019) introduces a similarity-based NER
method, which incorporates an auxiliary classifier to distin-
guish entity words from non-entity words. Character-level
language modeling is used to help cross-domain NER learn-
ing in (Liu et al. 2018). (Jia, Xiao, and Zhang 2019) em-
ploys cross-domian LM as a bridge for NER adaptation
across domains. (Jia and Zhang 2020) utilizes a multi-
cell compositional LSTM structure to detect entity type
across domains to improve cross-domain NER. Regrettably,
to our knowledge, few studies have used DP as the auxil-
iary task to jointly learn with NER. It is mainly because that
NER corpora usually provides no information about depen-
dency relations. Therefore, to incorporate NER and DP in a
Multi-Task Learning framework, an unsupervised manner is
needed.

Unsupervised Domain Adaptation (Wang and Deng 2018)
targets to transfer knowledge from high-resource labelled
domains to low-resource unlabelled domains. MMD (Gret-
ton et al. 2012) is often adopted as the metric to measure the
difference of representation distributions in the process of
Unsupervised Domain Adaptation, which has achieved en-
couraging results in many NLP tasks. For instance, (Zhang
et al. 2021) applies MMD to solve cross-domain NER prob-
lem and (Bista et al. 2020) uses MMD to adapt cross-
domain knowledge for document summarization. Motivated
by the adaptation idea, in this paper, we exploit the power of
MMD to solve the problem of dependency annotations, and
combine NER and DP in the same joint-learning framework.

Preliminary of MMD

Maximum Mean Discrepancy is a non-parametric statistical
metric to measure the difference between two data distribu-
tion p and q, in a Reproducing Kernel Hilbert Space (RKHS)
H with a characteristic kernel k. MMD has an important
property that p = q if and only if the MMD measured on
p and q is equal to zero. Given two datasets X and Y inde-
pendently and identically sampled from p and q with sizes
of M and N , the corresponding empirical MMD denoted as
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MMD(X,Y ) can be written as the flowing:

MMD(X,Y ) = || 1
M

∑
x∈X

φ(x)− 1

N

∑
y∈Y

φ(y)||H (1)

where φ(·) is the nonlinear feature mapping that induces H
and takes the canonical form φ(x) = k(x, ·) (Hearst et al.
1998). Gaussian Kernel is used as our characteristic kernel
k. Accordingly, in terms of kernel functions, the squared em-
pirical MMD can be written as:

MMD2(X,Y ) =
1

M2

∑
x∈X
x′∈X

k(x, x′)

− 2

MN

∑
x∈X
y∈Y

k(x, y) +
1

N2

∑
y∈Y
y′∈Y

k(y, y′)
(2)

In this paper, we use the above MMD definition to mea-
sure the distribution difference between source and target
domains in the learned representation spaces.

Method
The overall structure of the proposed method is given in Fig-
ure 2, which is designed for a joint-learning NER frame-
work using DP as the auxiliary task. The framework unifies
NER and DP with the same neural network to take the ad-
vantage of cross-task and cross-domain NLP knowledge. In
the process of learning, MMD loss is considered to transfer
DP knowledge from source-domain dataset to target-domain
dataset.

Shared Layer
In the proposed model, to make use of NLP cross-task
knowledge, we use the same bottom-representation layers
for both the main NER task and the auxiliary DP task. On
the bottom, we use BERT (Devlin et al. 2019) as the funda-
mental encoder to extract inputs’ semantic features. As both
tasks share the same bottom-representation layers, the input
sentences come from either source DP dataset Ds or target
NER datasetDt. Given an input sentence x = [x1, x2, ..., xl]
with length l, we first feed each word xi into the BERT
module to obtain its word embedding wi. After word tokens
converts into embeddings w = [w1, w2, ..., wl], we apply a
Bidirectional LSTM (BiLSTM) (Graves and Schmidhuber
2005) to the word vectors. Then, for wi, its hidden outputs
produced by the forward and backward LSTMs can be for-
mally written as:

−→
h i = LSTM(

−→
h i−1, wi, θf )

←−
h i = LSTM(

←−
h i+1, wi, θb),

(3)

where θf and θb are corresponding parameters for the for-
ward and backward directions. Finally, the concatenation of
the forward and backwards hidden outputs is taken as the
output vector of BiLSTM:

hi =
−→
hi ⊕

←−
hi , (4)

where ⊕ represents vector concatenation.

Task Layer
DP Module Our DP module is incorporated to learn and
extract dependency information of words on assisting NER.
Inspired by the work of (Dozat and Manning 2017), we also
exploit the biaffine classifier to identify dependency rela-
tions in sentences. After the BiLSTM layer, to strip away
redundant information that is not task-related, two smaller
MLP layers are connected to distill informative features for
DP-start (head) representation and DP-end (dependent) rep-
resentation. With the two layers, given the i-th input word,
we denote its representation vector for DP-start as sdpi and
for DP-end as edpi . Then, the dependency relation, starting at
the i-th word and ending at the j-th, is represented as a pair
(sdpi , e

dp
j ). At last, for all candidate pairs, we introduce a bi-

affine classifier to score their relation types in one l× l×m
tensor rdp, where m is the number of dependency relations
including non-dependency. Formally, we have:

sdpi = MLPdp-start(hi)

edpj = MLPdp-end(hj)

rdpi,j = sdp>i Udpedpj

+Wdp(sdpi ⊕ e
dp
j ) + bdp,

(5)

where sdpi and edpj have the same dimension d, Udp is a d×
m × d tensor, Wdp is a tensor of 2d ×m shape and bdp is
the bias. The relation type with the maximum score in rdpi,j is
taken as the predicted dependency type.

It is remarkable that in our method, the DP module is not
used to predict dependency annotations as input features for
NER, but performs to learn the cross-task knowledge and
improve the semantic representations of our model. Inspired
by the fact that a named entity often share the same boundary
with its corresponding sub dependency tree, our DP mod-
ule is responsible for producing DP boundary representation
features for NER boundary detection.

NER Module Our NER module is the core component of
the proposed model, adopting the information of both tasks
for learning. Enlightened by the idea of (Yu, Bohnet, and
Poesio 2020), we reuse the biaffine classifier to find named-
entity spans in sentences. Similar to the DP module, two ad-
ditional smaller MLP layers are applied to extract useful fea-
tures for NER-start representation and NER-end representa-
tion. Given the i-th input word, sneri and eneri are used to
denote its representation vector for NER-start and NER-end.
But unlike DP, when processing the span classification, we
do not only consider their NER representations but also their
DP representations for learning. It is because that a word,
which is the head or dependent of one dependency relation,
usually locates at the start or end of one named-entity span in
a sentence, as Figure 1 shows. Therefore, in our model, both
the DP-start and DP-end vectors are concatenated to either
the NER-start vector or the NER-end vector, as to provide
supplementary information for NER. Accordingly, the con-
catenated NER-start and NER-end vectors of the i-th word
are denoted as ŝneri and êneri separately. And, the span from
the i-th word to the j-th one is represented as (ŝneri , ênerj ).
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Figure 2: The left part introduces the process of DP Domain Adaptation. The right part describes the overall structure of our
proposed network and gives the workflow about how a span starting at word xi and ending at xj is scored.

Finally, for all candidate spans, another biaffine classifier is
applied to score their named-entity types in one l × l × n
tensor rdp, where n is the number of named-entity types in-
cluding non-entity. Formally, we have:

sneri = MLPner-start(hi)

enerj = MLPner-end(hj)

ŝneri = sneri ⊕ sdpi ⊕ e
dp
i

ênerj = enerj ⊕ edpj ⊕ s
dp
j

rneri,j = ŝner>i Uner ênerj

+Wner(ŝneri ⊕ ênerj ) + bner,

(6)

where sneri and enerj have the same dimension d, Uner is a
3d × n × 3d tensor, Wner is with a 6d × n shape and bner
is the bias.

Training
Auxiliary Objective Our method takes DP as the auxiliary
task for joint learning with NER. To solve the lack of de-
pendency annotations, we perform DP learning on labelled
source domain and adapt the learned model to unlabelled
target domain. Correspondingly, the auxiliary loss can be de-
composed into two parts, DP learning loss and DP domain-
adaptation loss.

Given a source datasetDs with dependency labels, we use
Cross Entropy (CE) on dependency relation classification as
our DP learning loss:

Ldp = −
∑
x∈Ds

∑
1≤i≤l
1≤j≤l

log(
exp(rdpi,j(z))∑

1≤k≤m
exp(rdpi,j(k))

), (7)

where z is the label index of the true dependency relation
from xi to xj , l is the length of x and m is the number of
dependency classes.

To make the trained DP model effective as well for a tar-
get datasetDt, we adapt the model by minimizing the MMD
between the source and target domains in the DP representa-
tion spaces. Formally, the squared MMDs, computed in both
DP-head and DP-end representation spaces, are used as DP
domain-adaptation loss:

Lda = MMD2(SDs
,SDt

) + MMD2(EDs
, EDt

), (8)

where SDs and SDt are the sets of DP-start vectors on the
source and target domains respectively, EDs and EDt are the
sets of DP-end vectors on the two domains separately.

Main Objective For our main task, NER learning loss is
taken as the objective. Given a target dataset Dt with entity
labels, we use the Cross Entropy on named-entity span clas-
sification as our NER learning loss:

Lner = −
∑
x∈Dt

∑
1≤i≤l
i≤j≤l

log(
exp(rneri,j (y))∑

1≤k≤n
exp(rneri,j (k))

), (9)

where y is the label index of the true span type from xi to
xj , l is the length of x and n is the number of named-entity
classes.

In most of cross-domain NER scenarios, the size of
target NER dataset is often small. Pre-training NER on
source NER data can help learning informative cross-
domain knowledge to improve the model.

Training Process Using the framework of Multi-Task
Learning, the overall objective of our method can be gen-
eralized to minimize the joint loss as the following:

L = λ(Ldp + Lda) + βLner, (10)

where λ and β are the parameters to balance the weights of
the auxiliary and main tasks.
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Dataset Type Train Test Domain

OntoNotes #sentence 59924 8262 General#entity 81828 11057

CoNLL03 #sentence 14987 3684 News#entity 23499 5648

WNUT17 #sentence 3394 1286 Social Media#entity 3160 1589

NCBI #sentence 5424 940 Biomedical#entity 11249 1877

MitRest #sentence 7660 1521 Restaurant#entity 15363 3151

Table 1: Statistic of datasets

To efficiently train our model, two different settings are
used in the process of joint learning. At the beginning of
learning, to make the model quickly derive the ability of de-
pendency parsing, a large λ and small β are set for the aux-
iliary objective. After the auxiliary loss becomes small, to
improve the model’s performance on named-entity recogni-
tion, a small λ and large β are set for the main objective. In
this way, the cross-domain and cross-task knowledge can be
both effectively learned. The details will be described in the
experiment section.

Experiments
Setup
Datasets. To evaluate the effectiveness of the proposed
method, we conduct experiments on four English NER
datasets, including CoNLL03 1, WNUT17 2, MitRest 3 and
NCBI 4. The four datasets come from four different do-
mains, which are listed in Table 1. In addition, as DP task
is taken as the auxiliary task in the proposed method, we
adopt OntoNotes 5.0 5 as our DP source dataset, converted
to the Stanford dependency-tree format by using Stanford
CoreNLP (Manning et al. 2014). Detailed statistics of the
datasets are listed in Table 1.

Hyperparameters. We set the threshold of the maximum
epoch as 100 for every model training. To our proposed
model, the adopted BiLSTM module is incorporated with
two 768-dimension LSTM layers. Each representation layer
after BiLSTM is introduced with 128 dimensions. For the
two biaffine classifiers, the parameters are configured as de-
scribed in the previous section.With all the datasets, we use
the batch size as 16 and the input maximum length as 256. In
the training process, AdamW is taken as our optimizer with
the learning rate 2e-5.

Baselines. The proposed NER method, which is based
on Domain-Adapted Dependency Parsing (DADP), is com-
pared with five other methods in our experiments. In all ex-

1https://www.clips.uantwerpen.be/conll2003/ner/
2http://noisy-text.github.io/2017/
3https://groups.csail.mit.edu/sls/downloads/restaurant/
4https://github.com/cambridgeltl/MTL-Bioinformatics-2016
5https://catalog.ldc.upenn.edu/LDC2013T19

perimental settings, Large-BERT is taken as the pretrained
model.

• BiLSTM-CRF: we take (Huang, Xu, and Yu 2015) as
the naive baseline, which applies the classical model of
BiLSTM and CRF for only NER task.

• Dep-Flat: (Jie and Lu 2019) is a dependency-guided
NER method, which uses dependency-tree input features
to improve BiLSTM-CRF.

• Dep-GCN: (Xu et al. 2021) is an improved version
of Dep-Flat, introducing a novel LSTM structure to uti-
lize the dependency features extracted by graph convolu-
tional networks.

• DA-LM: (Jia, Xiao, and Zhang 2019) follows MTL
framework for NER, employing cross-domain LM as the
auxiliary task to improve cross-domain NER.

• DA-ET: (Jia and Zhang 2020) also follows MTL
framework for NER, utilizing a multi-cell compositional
LSTM structure to detect Entity Type across domains to
improve cross-domain NER.

As mentioned previously, dependency annotations are the
pre-requisite for the listed dependency-guided methods, but
except OntoNotes 5.0, the other datasets do not provide
dependency labels. To make the methods able to run on
CoNLL03, WNUT17, MitRest and NCBI, we employ a
third-party tool, spaCy (Honnibal and Montani 2017), to
predict the labels for usage. For the listed MTL-based meth-
ods targeting cross-domain NER, we use OntoNotes 5.0 as
their NER source-domain dataset. The standard Recall, Pre-
cision and F1 are used as the evaluation measures in the fol-
lowing experiments.

Results and Analysis
Table 2 shows the overall results of comparisons. From the
results, it can be observed that the proposed DADP outper-
forms other NER methods over three datasets.

To show the effectiveness of DADP, we first compare it
with the MTL-based methods. Based on the results, it can
be seen that DA-LM and DA-ET have similar performances
over the three datasets. We think the main reason is that both
LM and Entity Type Detection tasks focus on learning com-
mon semantic knowledge of words across domains, which
provides the two models similar representative features for
NER. Therefore, the difference between their performance
is small. Compared with them, DADP achieves obvious lifts
of F1 over the three datasets. We guess the reason is that
not only word-level semantic knowledge is captured by our
NER module but also syntax-level grammar knowledge is
captured by our DP module. In this way, with the help of
richer representative features, DADP can have better perfor-
mances than DA-LM and DA-ET .

Next, our DADP is compared with the dependency-
guided methods, Dep-Flat and Dep-GCN. The two
dependency-guided methods achieve similar high-
performance scores on MitRest, which is as expected.
Because most of restaurant-domain sentences are written
in common styles, their dependency relations can be easily
and accurately predicted by the parsing tool spaCy. With
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Category Method MitRest WNUT17 NCBI

P R F1 P R F1 P R F1

Cross-domain DA-ET 77.01 75.22 76.10 51.01 36.32 42.45 85.62 86.78 86.19
MTL Model DA-LM 76.07 74.55 75.30 50.48 34.95 41.30 84.27 85.69 84.97
Dependency- Dep-Flat 76.26 78.19 77.21 27.46 65.65 38.72 84.49 83.96 84.22
guided Model Dep-GCN 77.02 79.27 78.12 29.51 63.86 40.37 83.17 85.94 84.53

BiLSTM-CRF 76.40 77.14 76.76 49.64 32.37 39.18 84.91 86.39 85.64
DADP 78.64 79.20 78.92 60.58 36.99 45.93 83.56 89.48 86.42

Table 2: Performance Comparison by Precision, Recall and F1 on Three Datasets.

# Symbol Dep-GCN DA-ET DADP

P(%) R(%) F1(%) P(%) R(%) F1(%) P(%) R(%) F1(%)

1 90.21 89.79 90.00 89.87 89.50 89.68 91.99 92.08 92.03
2 87.27 85.58 86.42 89.63 87.24 88.42 91.37 90.82 91.10
3 84.32 81.39 82.83 88.32 85.80 87.04 90.10 91.35 90.72
≥ 4 79.82 78.15 78.98 87.67 84.02 85.81 89.31 90.32 89.81

Table 3: Robustness Comparison between Dep-GCN, DA-ET and DADP on CoNLL03

the predicted dependency annotations of high quality, it is
unsurprising that the methods perform well on MitRest.
However, on WNUT17 and NCBI, Dep-Flat and Dep-GCN
lose their effects. As WNUT17 sourced from social media
data that contains many uncommon grammars, and NCBI
sourced from biomedical domains that includes obscure
sentences, such written styles make both of them hard
to be correctly parsed. With the low-quality predicted
labels, the poor performances of Dep-Flat and Dep-GCN
are inevitable. Compared with them, DADP takes no
dependency labels as input features to predict NER. Our
proposed method mainly exploits cross-domain DP, to
learn representative features of grammar knowledge across
domains for NER, rather than directly using dependency
labels as data features. In this way, without the affection of
noise labels, DADP outperforms Dep-Flat and Dep-GCN
significantly on WNUT17 and NCBI.

Performance on Robustness Test
To further study the robustness of DADP, we compare it with
Dep-GCN and DA-ET on CoNLL03, which is a rather clean
dataset of NER. In the experiment, we randomly insert spe-
cific symbols into the sentences of CoNLL03, to mess up the
corpus. Tests on sentences with the different numbers of in-
serted symbols are given in Table 3. From the table, we can
find that with noise symbols increasing, the performance of
Dep-GCN decreases obviously. The reason may be that the
inserted symbols break the coherence of sentences, leading
to poor-quality parsed labels. As the dependency informa-
tion is the key to the success of Dep-GCN, its robustness
can be easily challenged. DA-ET takes no dependency in-
formation as input but it still suffers from the noise. The
reason may be that the named entities are split by inserted
symbols, making the auxiliary Entity Type Unit hard to tell
entity words from non-entity words. In this way, the perfor-

Setting WNUT17

P(%) R(%) F1(%)

NER 64.19 30.02 40.90
NER + DP 61.41 35.27 44.80

NER + DP + DA 60.58 36.99 45.93

Setting NCBI

P(%) R(%) F1(%)

NER 80.22 87.91 83.89
NER + DP 83.01 88.74 85.78

NER + DP + DA 83.56 89.48 86.42

Table 4: Ablation Study of DADP on WNUT17 and NCBI

mance of DA-ET is also affected by the number of noise
symbols. For our DADP, its performance is always the high-
est in different settings, because DADP uses the dependency
annotation for representation learning to NER instead of di-
rect input features. With rich semantic representations in the
word and syntax level, DADP has good tolerance to noise
symbols as expected, leading to its strong robustness. This
experimental result also reflects the flexibility of DADP on
exploiting DP knowledge.

Performance on Few-Shot NER
To further investigate the performance of DADP on few-shot
NER using cross-domain knowledge, we compare it with
two other cross-domain MTL-based methods DA-LM and
DA-ET on the three datasets. In the experiment, we ran-
domly select 50%, 25% and 10% samples from the origi-
nal datasets as target-domain training datasets, to add dif-
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R(10%) R(25%) R(50%)R(100%) W(10%)W(25%)W(50%)W(100%) N(10%) N(25%) N(50%)N(100%)
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0.75

F1

DADP DA-LM DA-ET

Figure 3: F1 varying training size (R: MitRest; W: WNUT17; N: NCBI)

ficulty of model training on cross-domain NER. The F1
scores achieved by the mentioned methods with different
sizes of target-domain datasets are given in Figure 3. From
the figure, we can find that with the size of target-domain
dataset decreasing, the performance of DA-LM and DA-
ET decreases rapidly. The reason is that as our setting
takes OntoNotes 5.0 as the source-domain dataset, there ex-
ist semantic gaps between the source domain and the tar-
get domains. In other words, no sufficient word-level com-
mon knowledge exist between the source and target do-
mains. Limited by the gaps, DA-LM and DA-ET, which fo-
cus on transferring word-level semantic knowledge across
domains, are harder to extract useful common knowledge
from the fewer data samples. In comparison, with the size
of target-domain dataset decreasing, the performance of
DADP decreases considerably slowly. The reason is that
dependency structural knowledge is more stable and gen-
eral across different domains, which can be learned even
from small datasets. Therefore, it is not strange that DADP,
which focuses on transferring syntax-level semantic knowl-
edge across domains, can significantly outperform other two
MTL-based NER methods. This overall result shows the
effectiveness and potential of DADP on improving cross-
domain NER.

Ablation Study
To evaluate the single effectiveness of each component in
our model, we conduct a series of ablation experiments
on WNUT17 and NCBI as shown in Table 4. For the two
datasets, we first use the only NER module to train the model
and achieve F1 scores with 40.90% and 83.89%, as the base-
line scores. To further improve DADP, the training strategy
is used as described in the training section. At the begin-
ning of learning, to make DP get fully trained, we process
30 rounds of DP learning with λ = 1 and β = 0. After the
pretraining process, to investigate the influence of only DP
learning, we perform an experiment without the adaptation
loss and vary the value of λ from 0 to 1 with β = 1. We find
the setting λ = 0.05 increases the baseline F1 of WNUT17
with 3.9% and that of NCBI with 1.9%, both of which give
the best results among different settings. The significant im-
provement shows the effectiveness of the Multi-Task Learn-
ing framework using DP as the auxiliary task. However, this
setting may not fully explore the effect of DP because of the
gap between distributions of the source and target data. To
assess the role of Domain Adaptation, we run another exper-
iment with both DP loss and DA loss. With the help of DA,

(a) Before Adaptation (b) After Adaptation

Figure 4: Domain Adaptation for DP Representations

both of the F1s have improved at least 0.6%. The outcome
demonstrates that DA has a positive effect on improving our
NER model. Even though the improvement is not significant
as the previous one, we find the convergence rate of DADP
is accelerated with DA incorporated. The reason may be that
useless semantic features to the target domain are discarded
in the process of Domain Adaptation, making the weight
learning process more efficient. To show the effect of Do-
main Adaptation, in Figure 3, we use t-SNE algorithm to
visualize the DP vectors before and after the domain adapta-
tion on WNUT17. We can observe that the source and target
distributions are obviously matched after the adaptation.

Conclusion
In this paper, we propose a novel dependency-guided NER
framework, which leverages dependency relations between
words to improve named entity identification. Compared
with other dependency-guided methods which have diffi-
culties to apply on dependency-unlabelled NER corpora,
our method demonstrates its advantage on the usability
and practicality of transferring dependency-tree information
across domains. With the exploration of MMD, we adapt
DP knowledge across domains in an unsupervised manner.
Through unifying NER and DP within the same network
structure, our model can efficiently learn and utilize shared
cross-domain and cross-task knowledge.
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