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ABSTRACT
Known as “coercive citations”, journal editors are seen to
force authors to cite marginally relevant articles in particular
journals to boost their journal impact factors, so are paper
reviewers to solely increase their citation counts or h-index.
In this contest, the contestant is asked to develop a system
that can recognize the citation intent of a given passage in a
scholarly article and retrieve relevant citation targets from a
given database. In this paper, we describe our winning ap-
proach for finding most related papers. In particular, we will
explore the application of Bidirectional Encoder Represen-
tations from Transformers (BERT) [6] and Sent2Vec [7] for
embedding sentence pairs, which can not only make ranking
model more robust but also recall more various papers so
as to improve recalling accuracy. The proposed solution of
our team SimpleBaseline achieved weighted accuracy score
of 0.41712 in the private leaderboard, and was selected as
second place submission.1
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1 INTRODUCTION
TheWSDM2020 Citation Intent Recognition contest presents
research descriptions requiring the threemost relative papers
from a large dataset which contains roughly 800K papers. To
address this challenge, we introduce five different recalling
approaches including BM25, IDF, Sent2Vec, BlueBERT [8]
and Keywords, which are used to recall papers from differ-
ent aspects. Also, for each recalled paper we prepare over
200 features for LightGBM [5] model to train and predict
the probability of correct citation. Our approach achieved
0.41712 and 0.41441 weighted accuracy in the private and
public leader boards, respectively.
The rest of the paper is organized as follows: Section 2

introduces the dataset of the competition. In Section 3, we
describe our solution which contains the model details. In
Section 4, we show the experiment results of our model. Fi-
nally, we conclude our analysis of the contest, as well as some
additional discussions of the future directions in Section 5.

2 DATASET
There are a training dataset, a testing dataset, and a candidate-
paper pool for this contest. Candidate-paper pool contains
838,939 papers with the following attributes:

• paper_id: paper’s ID (missing: 1)
• title: paper’s title (missing: 0)
• abstract: paper’s abstract (missing: 69,252)
• journal: on which journal the paper was published
(missing: 35,249)

• year: publication time (missing: 234,820)
• keywords: paper’s keywords (missing: 777,694)

Training dataset consists of 62,976 pieces of description
texts with the following columns:

• description_id: ID of description
• paper_id: ID of paper of correct citation
• description_text: text of descriptions. The original
index is replaced by “[**##**]”

Testing dataset consists of 34,428 pieces of description
texts with the same columns as training dataset except “pa-
per_id”.

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://github.com/steven95421/WSDM_SimpleBaseline
https://github.com/steven95421/WSDM_SimpleBaseline
https://doi.org/10.1145/nnnnnnn.nnnnnnn
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2.1 Preprocess Text
For every text in training data, testing data, and candidate
papers, we first lemmatized every word, next removed stop
words and special characters, then lower the text. Addition-
ally, we extracted key sentences the same way as description
in contest website. But for key sentences less than 7words we
replaced them with corresponding preprocessed description
texts directly.

3 PROPOSED APPROACH
Due to the size of candidate-paper pool, generating features
for all papers directly will be totally infeasible. To handle
this challenge, we made a plan with two stages including
recall and ranking. In recall stage several unsupervised meth-
ods were built to reduce the scope of candidates, then we
prepared a ton of features for a binary-classifying model to
rank the candidate papers selected in the recalling stage.

3.1 Recalling Stage
For BM25 and IDF, we concatenated preprocessed title,
abstract, and keywords and used all papers in candidate
pool as corpus. Similarily, we used preprocessed key sen-
tences to find the topNmostmatching papers. As for Sent2Vec,
we should skip the lemmatizing step during preprocessing
data since lemmatizedwordsmight becomeOut-of-Vocabulary.
Using previously preprocessed data directly would cause a
terrible 2% drop in recall@3. However, this issue only af-
fected BlueBERT a little, we thus employed the same input
as BM25 to BlueBERT for convenience.

3.1.1 BM25
In information retrieval, Okapi BM25 (BM stands for Best

Matching) is a ranking function used by search engines to
rank matching documents according to their relevance to a
given search query, representing state-of-the-art TF-IDF-like
retrieval functions used in document retrieval. BM25 has
two tunable parameters 𝑏 and 𝑘1; the former controls how
much effect field-length normalization should have, while
the latter controls how quickly an increase in term frequency
results in term-frequency saturation. In this task, we sticked
with the default values (𝑏 = 0.75, 𝑘1 = 1.5) since which
performed best.

3.1.2 IDF
The Term Frequency-Inverse Document Frequency (TF-

IDF) algorithm is the most common computation used in
text processing and information retrieval applications. This
is a statistical quantity used to measure the importance of
a word with respect to a document corpus. However, we
found that in this task term frequency was not so important
that we could improve recalling accuracy by around 1% if
we only use Inverse Document Frequency (IDF). In addition,

we also dicovered that words with lower IDF value were too
common to be representative of a document. Therefore, we
modified IDFs as below:

𝐼𝐷𝐹𝑖 =

{
0 if 𝐼𝐷𝐹𝑖 < 5
𝐼𝐷𝐹𝑖 otherwise

3.1.3 Sent2Vec
A sentence-embedding model with simple but efficient

unsupervised training objective. The algorithm outperforms
the state-of-the-art unsupervised models on most bench-
mark tasks, and on many tasks even beats supervised mod-
els, highlighting the robustness of the produced sentence
embeddings. Conceptually, the model can be interpreted as
a natural extension of the word-contexts from C-BOW to
a larger sentence context, with the sentence words being
specifically optimized towards additive combination over
the sentence, by means of the unsupervised objective func-
tion. In this contest we could easily see that the description
texts were from biology kind of papers. Therefore, we used
“BioSentVec_PubMed_MIMICIII-bigram_d700.bin” as under-
lying word-embedding model for Sent2Vec.

3.1.4 BlueBERT
The BERT model architecture is based on a multilayer

bidirectional Transformer. Instead of the traditional left-to-
right language modeling objective, BERT is trained on two
tasks: predicting randomly masked tokens and predicting
whether two sentences follow each other. BERT model gets
a lot of state of the arts in many tasks. In this task we used
BlueBERT, which was trained on biology papers, to add a few
recalls in a totally different aspect. Although there is an more
famous BERT model also trained on biology papers called
BioBERT, we found that BlueBERT outperforms BioBERT in
this task.

3.1.5 Keywords
From 3.1.1 to 3.1.4, we discovered that traditional IR meth-

ods outperformed these deep learning ones. According to
the previous observation, keywords usually have two charac-
teristics: long length and high IDF value. Therefore, we pur-
posed a method to extract keyword from the sentences: top-k
longest words with IDF value higher than certain threshold
2. Then, we recalled the papers by calculating the number
of overlapping keywords generated by the above procedure.
Despite the fact that the recalling rate was not quite well,
this recalling method was still essential for our performance.
With only 2 recalled papers added, we improved our over-
all recalling accuracy by more than 1%, which showed how
distinguished the papers recalled by this approach were.

2We set 𝑘 = 10 and 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 13
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3.1.6 Combination
Finally after several times of tuning, we recalled 87 papers

for each description (50 from BM25, 10 from IDF, 20 from
Sent2Vec, 5 from BlueBERT, and 2 from Keywords), which
achieved recalling accuracy 0.60436.

Table 1. Recalling accuracy
method recall@3 recall@10 recall@30 recall@87
BM25 0.310 0.395 0.475 0.557
IDF 0.169 0.248 0.330 0.429
Sent2Vec 0.178 0.269 0.360 0.462
BlueBERT 0.076 0.125 0.186 0.257
Keywords 0.066 0.110 0.148 0.167

3.2 Feature Engineering
In this task we were asked to find the most matching papers
for each description, therefore, the “distance” between de-
scription and paper must be quite important for model to
learn. Whatsoever, we still employed two different directions
of features for each recalled pair, and there were 217 features
in total. The First was the attributes of description and paper,
while the second was the distances between description and
paper. 3 The following subsections will show the details of
above two kinds of features.

3.2.1 Attributes
Adding attribute features is quite simple. For description,

we computed the length of description text and key sen-
tence. As for paper, we just prepared two boolean variables
whether the paper has abstract and whether it has keywords.

3Each description has description text and key sentence, and each paper
has title and abstract. Therefore, there are four distances in all.

3.2.2 Distances
For the raw text we computed several distances including

Jaccard similarity, Levenshtein distance, Jaro distance, jaro-
winkler distance. Besides, we also calculated the BM25 score
and the number and rate of overlapping common words,
keywords, upper words 4, and pseudo keywords 5. As For
each kind of embedding we computed distances including
cosine similarity, Manhattan distance, and Euclidean distance
between description and paper. The followings will introduce
the embeddings we used in this task:

• IDF: The same embedding as section 3.1.2
• Word2Vec [9]: Word2Vec is a three-layer neural net-
work, In which the first is the input layer and the last
layers are the output layer. The middle layer builds a
latent representation so the input words transformed
into the output vector representation. We used average
of word embeddings to be sentence embedding.

• FastText [3]: An approach based on the skipgram
model, where eachword is represented as a bag of char-
acter n-grams. A vector representation is associated
to each character n-gram; words being represented as
the sum of these representations. This method is fast,
allowing to train models on large corpora quickly and
to compute word representations for words that did
not appear in the training data. We also used average
of word embeddings to be sentence embedding.

• SIF [2]: SIF computes sentence embeddings as aweight-
ed average ofword vectors.We took “BioWordVec_Pub-
Med_MIMICIII_d200.bin” as underlying word embed-
dings. First, compute all the frequencies of all the
words of corpus. Then, given a set of pre-trained word
embeddings, compute the weighted average above for
each sentence. Finally, Use SVD to remove the first
component off of these averages and get fresh sen-
tence embeddings. Considering its simplicity, SIF em-
beddings perform very well. In fact, this method can
even outperform state-of-the-art deep learning tech-
niques such as InferSent on semantic textual similarity
tasks.

• Sent2Vec: The same embedding as section 3.1.3
• BlueBERT: The same embedding as section 3.1.4
• SciBERT [1]: SciBERT is trained on papers from the
corpus of semanticscholar.org, using the full text of
the papers, not just abstracts. Corpus size is 1.14M pa-
pers, 3.1B tokens. It has its own vocabulary (scivocab)
that’s built to best match the training corpus, result-
ing in state-of-the-art performance on a wide range of
scientific domain nlp tasks.

4Acronyms must be representative of a sentence.
5Generated by the same way as section 3.1.5 with several thresholds.
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• Fine-tuning SciBERT: We used InferSent [4], as il-
lustrated in Figure 1 and replaced sentence encoders
with SciBERT. In particular for this embedding, we
only generated embeddings of descriptions’ descrip-
tion text and papers’ title since it took us too much
time to produce embeddings before the closing time
of the competition.

3.3 Ranking Stage
Gradient boosting is a powerful algorithm especially for
binary-classifying problem. Recently, LightGBM has gained
increased popularity and attention due to their advantages of
fast processing speed and high prediction performance. We
utilized LightGBM to build 10 models with different feature
sets split by stratified 10-fold cross-validation. The hyperpa-
rameter values we have to train the models are as follows:

• num_leaves: 64
• reg_alpha: 1
• reg_lambda: 0.1
• objective: ’binary’
• max_depth: -1
• learning_rate: 0.1
• min_child_samples: 5
• n_estimators: 5000
• subsample: 0.8
• colsample_bytree: 0.8

4 EXPERIMENTS
We tried 4 approaches to ensemble ten LightGBM models: 6

• Average: Calculate average of logits from ten models.
• Vote with linear weights: 𝑤𝑒𝑖𝑔ℎ𝑡𝑖 = 9 − 𝑖 , for top
𝑖-th paper.

• Vote with reciprocal weights:𝑤𝑒𝑖𝑔ℎ𝑡𝑖 = 1/𝑖 , for top
𝑖-th paper.

• VotewithKRweights: Inspired by online game “Kart
Rider”, which gives scores to 8 riders by ranking of a
game with 𝑟𝑎𝑛𝑘2𝑤𝑒𝑖𝑔ℎ𝑡 = {1 : 10, 2 : 8, 3 : 6, 4 : 5, 5 :
4, 6 : 3, 7 : 2, 8 : 1}
Table 2. Performance of various ensembling

method weighted accuracy
Average 0.41187

Vote with linear weights 0.41389
Vote with reciprocal weights 0.41367

Vote with KR weights 0.41441

Table 2 lists the results of various approaches described pre-
viously. Voting with KR weights got the best performance of
0.41441, which also outperformed other methods no matter
how we modified features during development period and

6For voting method we employed top 8 papers from each model, which was
obtained from several times of trials.

was 1st place on the public leaderboard. Hence, We only em-
ployed this strategy on the private leaderboard and achieved
2nd place on the final leaderboard with score 0.41712.

5 CONCLUSIONS
In this paper, we have introduced an empirical framework for
the Citation Intent Recognition Competition of the WSDM
Cup 2020. Our team SimpleBaseline was ranked the second
place on the final leaderboard. In our solution, we first con-
ducted various recalling methods to reduce the scope of
candidate papers, then we prepared over 200 features for clas-
sifying model to learn. After that, we trained 10 LightGBM
models using stratified 10-fold cross-validation. Finally, we
ensembled these 10 models by voting strategy with weights
inspired by “Kart Rider”. While obtaining promising perfor-
mance on the whole, our model still cannot handle some
bad cases. We will leave these challenges for future work.
For example, since there are still tons of Out-of-Vocabulary
words in three datasets, we can pre-train or continue training
the BERT models and the two biological word-embedding
models mentioned in this paper using news documents.
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