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ABSTRACT

This paper describes our submission to ICASSP 2023 MUG
Challenge Track 4, Keyphrase Extraction, which aims to
extract keyphrases most relevant to the conference theme
from conference materials. We model the challenge as a
single-class Named Entity Recognition task and developed
techniques for better performance on the challenge: For the
data preprocessing, we encode the split keyphrases after word
segmentation. In addition, we increase the amount of input
information that the model can accept at one time by fus-
ing multiple preprocessed sentences into one segment. We
replace the loss function with the multi-class focal loss to
address the sparseness of keyphrases. Besides, we score each
appearance of keyphrases and add an extra output layer to fit
the score to rank keyphrases. Exhaustive evaluations are per-
formed to find the best combination of the word segmentation
tool, the pre-trained embedding model, and the corresponding
hyperparameters. With these proposals, we scored 45.04 on
the final test set.

Index Terms— Natural Language Processing, Keyphrase
Extraction

1. INTRODUCTION

The Keyphrase Extraction (KPE) track requires extracting
top-k key phrases from a document that reflect its main con-
tent. It is essential in many applications, e.g., for document
classification. Conventional keyphrase extraction methods,
which are mainly based on word frequency, are not effective
on complex and long-form documents. W2NER [1] provides
a strategy for Name Entity Recognition (NER), it demon-
strates excellent performance on this task by introducing
Next-Neighboring-Word and Tail-Head-Word-* relationships
in named entities. Based on its structure, we explore the
effect of training data preprocessing and post-processing on
W2NER method with the specific task requirements for KPE.
The AlimeetingdMUG corpus dataset provided by MUG is
texts transcribed from real-time meetings. According to the
characteristics of the data, we first perform word segmenta-
tion and stop word removal and encode the split keyphrases.
On this basis, we increase the amount of information that the
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model can receive at one time so that the model can better un-
derstand the context. In order to sort the output of keyphrases
and solve the problem of imbalanced sample distribution,
we designed a loss function obtained by the weighted sum
of the two parts of classification and regression so that the
model can be adaptively adjusted according to the samples.
In addition, we also compared different pre-trained models to
select the best model and its corresponding parameters.

2. SYSTEM DESCRIPTION
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Fig. 1. System architecture

Figure 1 illustrates our overall system design, which we
call W2KPE.

2.1. Data preprocessing

The transcripts of meeting recordings in the AliMeetingdMUG
dataset exhibit a high degree of oral informality, character-
ized by disfluencies, redundancies, omissions, and frequent
deployment of modal particles. Measures should be taken
to align the oral corpus with the distribution of the training
dataset of the pre-trained embedding model.

Word segmentation and stop word removal. First, we
identify and rectify all instances of stuttering by reducing con-
secutive occurrences of the same character that appear three
or more times in a row to a single occurrence. Then, we seg-
ment the text using the open-source mandarin word segmenta-
tion tool THULAC [2]. Finally, we remove meaningless stop
words to address the issue of excessive use of modal particles
and to increase information density.

Sentence fusion. To enhance the model’s comprehension
of the context, it is essential to increase the amount of infor-
mation fed to the model within an iteration. After the word
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segmentation and stop word removal, we merge multiple pro-
cessed sentences into one segment while maintaining integrity
at the sentence level. A threshold is needed here as a hyper-
parameter to determine the maximum number of words in a
segment. Experiments show that the sentence fusion method
significantly improves the model’s performance.

Keyphrase encoding. We observe that keyphrases do not
appear in their complete and contiguous form in many cases,
but rather, they appear partially or with an intervening word.
Since the W2NER model is able to recognize discontinuous
named entities, we encode keyphrases that are partially pre-
sented, appear discontinuously, or are separated in the word
segmentation stage in the input format of W2NER and score
each appearance of keyphrases based on its completeness.

2.2. Model design

We model KPE as a single-class NER task and enhance
W2NER for better performance on the challenge.

Focal loss. To address the problem of imbalanced class
distribution caused by the sparseness of keyphrases, we re-
place the loss function with the multi-class focal loss [3],
which focuses training on a sparse set of hard examples.

Keyphrase scoring. The W2NER model can only iden-
tify named entities, but not score them. To rank keyphrases,
we add an extra output layer to fit the score of each appear-
ance of keyphrases we assigned in the keyphrase encoding
stage. A keyphrase’s final score is determined by the sum
of its scores for each appearance, other aggregation methods
(e.g. averaging) are evaluated but yield lower performances.

The final loss function is the weighted sum of the focal
loss and the Mean Squared Error of keyphrase scoring, which
we formulate as follows, where p} equals p. if c is the correct
class, 1 — p. otherwise, p. is the output confidence of class c,
Dy 1s the output score of keyphrase k, y;, is the ground-truth
score we assigned previously, « and vy are two hyperparame-
ters which we use 0.99 and 2 respectively.

loss=a Y  —(1-p:)'log(p;)

cEclasses

+(1-a) Z

k€keyphrases

(o — ui)” (1)

3. EXPERIMENTS AND RESULT ANALYSIS

3.1. Experimental Setup

We use the pre-trained ERNIE-3.0-base as the word embed-
ding model and train other parts of W2KPE from scratch,
which has only 106M parameters in total. The word segmen-
tation tool we use is THULAC, and the learning rate is set to
0.001. We trained our system with PyTorch on Tesla V100,
the batch size is set to 10. The overall score is the average
of exact and partial f1 scores of top-k keyphrases, k equals
10, 15, and 20. All ablation experiments are evaluated on dev
data set, the results are shown in Table 1.

Table 1. Performance comparison among different setups

Experimental Config Score
W2KPE 47.69

- Sentence Fusion 41.83(-5.86)

- Keyphrase Encoding  45.16(-2.53)

- Focal Loss 46.94(-0.75)

- Keyphrase Scoring 47.05(-0.64)
Baseline 41.48

3.2. Results and Analysis

Effect of data preprocessing. Compared with the experi-
ment without sentence fusion, the W2KPE with the threshold
value of 500 increases the score by 5.86. However, it must
be pointed out that the threshold cannot be increased blindly.
With limited VRAM, increasing the threshold will inevitably
reduce the batch size, and a too-small batch size will reduce
the score instead. The keyphrase encoding also plays an im-
portant role, removing it drops the score by 2.53.

Effect of model design. Although hard cases are infre-
quent in the entire dataset, the use of focal loss still results in
a modest improvement in the score. The fine-grained rank-
ing of output keyphrases brought about by keyphrase scoring
leads to a further elevation of the score.

The final version of W2KPE is the combination of all the
best setups we mentioned. It scores 47.69 on the dev data set,
which is significantly higher than the baseline system.

4. CONCLUSIONS

In this paper, we proposed four notable improvements. Sen-
tence fusion and keyphrase encoding are used in the data pre-
processing stage, and we applied focal loss and keyphrase
scoring for model design. These proposals have achieved sig-
nificant score improvements on the final test set.
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