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Abstract

Keyphrase identification and classification is a Natural Lan-
guage Processing and Information Retrieval task that involves
extracting relevant groups of words from a given text re-
lated to the main topic. In this work, we focus on extracting
keyphrases from scientific documents. We introduce TA-DA,
a Topic-Aware Domain Adaptation framework for keyphrase
extraction that integrates Multi-Task Learning with Adversar-
ial Training and Domain Adaptation. Our approach improves
performance over baseline models by up to 5% in the exact
match of the F1-score.

Introduction

Scientific Keyphrase Identification and Classification
(SKIC) refers to the labeling of relevant words from a given
input scientific document, which the SemEval-2017 work-
shop (Augenstein et al. 2017) introduced in Task 10. This
task is related to Named Entity Recognition (NER), where
the aim is to extract and classify the named entities from
a given set of documents. SKIC can be more challenging
than NER problems due to the lack of available annotated
scientific publications (Augenstein et al. 2017).

This work focuses on using domain adaptation through
adversarial training and adversarial examples to address
SKIC. We introduce a Topic-Aware Domain Adaptive (TA-
DA) deep neural network framework that incorporates
multi-task learning and adversarial learning. Figure 1 briefly
presents the training procedure. Experiments showed that
each component improves the performance of our model on
all considered datasets. We summarize our main contribu-
tions as follows:

* We propose a novel neural network architecture inte-
grating multi-task learning, adversarial training, domain
adaptation, and topic modeling for jointly addressing
SKIC tasks;

Different techniques for latent representations required
for topic modeling (i.e., LSA, NMF, K-Means, LDA) are
considered, and LDA provided the most promising over-
all results;
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Figure 1: The training procedure for TA-DA employing do-
main adaptation and adversarial training.
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* We show that domain adaptation improves performance
compared to baselines, while adding adversarial exam-
ples further increases the F1-scores.

Methodology

Data Representation. We cast the problem of SKIC to a
tagging task. Given a document d = {wy,...,w,} with n
words, our goal is to identify and classify keyphrases by out-
putting a sequence {y1, ..., Y, }» where each y; is a class from
the BIO schema (Lample et al. 2016).

LDA for Topic Modeling. Our intuition is to extract la-
tent topics related to the domains and combine them with
the labels of examples. Latent Dirichlet Allocation (LDA)
(Blei, Ng, and Jordan 2003) is a frequently employed unsu-
pervised method to determine latent topics from a corpus. It
associates each document with a mixture of topics as prob-
ability distributions of words that are thematically related
based on tight co-occurrence.

Neural Network Architecture. We propose a neural net-
work architecture starting with a pre-trained SciBERT (Belt-
agy, Lo, and Cohan 2019) that generates contextualized em-
beddings. To further enhance the latent space, this represen-
tation is fed into a stack of BiLSTM layers, whose outputs
are concatenated along with the SciBERT’s output. We use
multi-task learning to incorporate branches for each task that
share the feature representation. After the feature extractor,



fully connected layers are used for keyphrase identification
(KI) and classification (KC) tasks. For KI, the output is a
linear-chain CRF, which models the probability of having
the output label given the latent representation. For KC, a
softmax activation function is considered to model a proba-
bility distribution across classes. We incorporate adversarial
training by including a domain discriminator linked via a
gradient reversal layer (Ganin and Lempitsky 2015) to the
feature extractor. The output is computed using a softmax
layer that models a probability distribution across domains,
i.e. the topics extracted using LDA.

Adversarial Learning. We perform domain adaptation
through adversarial training (Ganin and Lempitsky 2015). In
this configuration, adversarial training seeks the saddle point
that minimizes the expected likelihood of the loss associated
with the label predictor while maximizing the likelihood for
the discriminator. Additionally, we employ adversarial ex-
amples via Fast Gradient Sign Method (Goodfellow, Shlens,
and Szegedy 2015) that adds a small value to the input (in
our case, the latent space generated by SciBERT) propor-
tional to the gradient in order to create more robust models.
The new input is defined as follows:

Tadv = T + €5ign<vxL(07$ay)) ()
where e is the perturbation factor.

Optimization. The optimization process involves mini-
mizing the negative log-likelihood of the CRF output and
the categorical cross-entropy of the softmax outputs. The to-
tal loss is described by:

Ltotal = Ltag + Lclass + )\Lda (2)

where Lyqq is the KI loss, Ljqss is the KC loss, A controls
the degree of enforced domain adaptation, and Ly, is the
domain adaptation loss. In the case of using adversarial ex-
amples, the loss L“d”l is similar to (2), and both losses for

tota
each pass are added during the training step.

Results

Datasets. We evaluate our approach on three datasets:
SemEval-2017 Task 10 Dataset (Augenstein et al. 2017),
SciERC (ScilE) Dataset (Luan et al. 2018), and ACL RD-
TEC 2.0 Dataset (QasemiZadeh and Schumann 2016).

Experimental Results. The results are shown in Table 1.
Our approach (i.e., DA-Adv) obtains the best or second-best
scores concerning the baselines. Although domain adap-
tation may hinder performance by 1 to 2%, we observe
that adversarial examples enhance the model’s performance
in every scenario. Additionally, including LSA instead of
LDA for topic modeling (i.e., DA-LSA), we observe simi-
lar performances, albeit on average, LDA performs better.
Conversely, NMF (i.e., DA-NMF) and K-Means (i.e., DA-
KM) hinder performances when employed as topic models.
Compared with LSTM-CRF (Lample et al. 2016), our ap-
proach is comparable or performs better. Also, our model
has considerably fewer trainable parameters (2.4M) than
SciBERT (Beltagy, Lo, and Cohan 2019) (109M) and im-
proved results when compared with similar approaches (i.e.,
MTL-LSTM (Augenstein and Sggaard 2017)).
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Model SemEval ScilE ACL RD-TEC
KI KIC KI KIC KI KIC

DA-Adv 53.6 42,6 784 659 825 70.0
DA-LSA 532 415 789 66.8 82.7 69.5
DA-NMF 540 41.1 766 636 81.6 69.3
DA-KM 497 38.0 777 653 815 69.0
LSTM- 58.6 337 - - 74.4 35.5
CRF

MTL- 67.7 38.0 723 58.1 819 58.5
LSTM

SciBERT 66.7 482 81.0 674 79.8 65.1

Table 1: Fl-scores on the test sets (the highest scores are
bolded, and the second-highest scores are underlined).

Conclusions

We proposed TA-DA, a topic-aware domain adaptation ap-
proach for tackling SKIC. We conducted multiple experi-
ments and analyzed the performance impact of adversarial
learning and topic modeling. We observed that the adversar-
ially trained models outperform other models on one dataset,
while considerable improvements are achieved in contrast to
LSTM-CRF-based models. Moreover, we showed that do-
main adaptation and adversarial examples improved results
over baselines. In future work, we aim to study a hierarchical
representation of the input to increase robustness further.
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