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ABSTRACT 
With more and more new discoveries and theories being openly 
distributed and discussed in published articles, some unscrupulous 
behaviors of “coercive” citations have become regrettably 
prevalent, posing a threat to our scholar field. Thus, Microsoft 
holds the Citation Intent Recognition Challenge to encourage more 
people to pay attention to this issue. We treat the task as query-
based passage re-ranking task which includes two stages of 
candidate passage recall and passage re-ranking. To resolve the task, 
we propose an empirical ensemble recall and re-rank framework 
for citation intent recognition which both takes full advantage of 
features and merits of various recall and re-ranking methods. Our 
entry achieves test set Mean Average Precision@3 (MAP@3) of 
40.695% on the final leaderboard, namely Xiong team1.  
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1   INTRODUCTION 
For centuries, a key to the remarkable technological progress in our 
society has been the unassailable integrity exhibited by scientists in 
conducting scholarly communications. New discoveries and 
theories are openly distributed and discussed in published articles, 
and impactful contributions are often recognized by the research 
community at large in the form of  
citations. However, with the competition for research funding or 
promotions getting ever fiercer, unscrupulous behaviors intended 
at “gaming the system” rather than advancing the frontiers of our 
knowledge have become regrettably prevalent. 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. These conducts are an affront to the 
highest integrity demanded of any scientists and technologists and, 
left unchecked, can undermine the public trusts and hamper the 
future developments in science and technology. 

In Citation Intent Challenge of WSDM Cup this year2, which is 
sponsored by Microsoft, participants were challenged 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.  

This task can be viewed as a query-based passage re-ranking task  
[1], where a query is a given passage in a scholarly article and the 
job to judge how relevant a candidate passage di from a given 
database is to the query q. Moreover, our pipeline consists of two 
main stages. In the first stage, candidate passage recalling, a large 
number of possibly relevant documents to a given query are 
retrieved from a corpus by a standard mechanism, such as BM25, 
BM25F, word2vec and TFIDF. In the second stage, passage re-
ranking, each of these candidate documents is scored and re-ranked 
by a more computationally-intensive but more accurate method [2] 
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like neural model such as ELMO [3], OpenAI GPT [4], and BERT 
[5]. 

Based on our further observation, we additionally noticed that 
the query and candidate passages are mainly featured by 
biomedical. What’s more, as far as we know, BERT, a pretrained 
language model, achieved impressive results on some passage re-
ranking tasks now. So, more specifically, we focus on some 
effective biomedical text mining models that are pre-trained on 
biomedical and scientific corpus such as neural models like 
BioBERT [6], SciBERT [7], in the process of passage re-ranking. 
We used these models in an ensemble in the second stage and our 
ensemble framework will be outlined in section 3. 
 

2 DATASET 

The competition provides a large paper dataset, which contains 
roughly 800K papers, along with paragraphs or sentences which 
describe the research papers. These pieces of descriptions are 
mainly from paper text which introduces citations. Moreover, for 
each piece of descriptions, the participants need to choose 3 best-
matching papers according to the attributes of diversified papers in 
the paper dataset. From Table1, we can have a clear idea of the 
given attributes of different papers. 
 

2.1 Exploratory Data Analysis 
When we do EDA (exploratory data analysis), we find some 
interesting data features and distributions that helps us judge the 

method we use in the data preprocessing and modeling period. 
Firstly, when we analyze the length distribution of description 

text of the citation query as well as the length distribution of titles 
and abstracts of candidate papers, we notice that a large number of 
them is respectively long, which can be vividly depicted by Figure 
1. So, for both training and inference phase, longer token can help 
capture more semantic information. In this way, the MAP@3 of our 
single model can improve about 1% when increasing token length 
from 300 to 512. 

Secondly, as we analyze the distribution of candidate papers that 
we recall, we notice that most of them exists in the top 50,000 
pieces in the given candidate paper dataset, which is a big data 
leakage that can greatly boost the leaderboard score in this 
challenge. However, we don’t use such trick to gain higher score 
because we would rather try our best to push the frontier of citation 
intent recognition task with more robust algorithms and models. 
 

2.2 Evaluation Metric 
This competition uses Mean Average Precision@3 (MAP@3) as 
the evaluation metric which is described by the following function: 

𝑀𝐴𝑃@3 =
1

[𝑈]
𝑃(𝑘)

 ( , )[ ]

 (1) 

Where |U| is the number of press id in the test set, P(k) is the 
precision at cutoff k, n is the number of predicted papers. 
Specifically, if the prediction is correct in the first, the second or 
the third position, the score is 1,1/2 and 1/3 respectively.  

Table 1: A Sample of Attributes of Candidate Paper 

Paper Id Title Abstract Journal Keywords Year 

55a45356
2401c6de
3b8f9f30 

Successive openings of the 
same acetylcholine receptor 
channel are correlated in 
open time. 

Previous analysis of single-channel 
current records has shown that both the 
opening and closing transitions of 
chemically ……(the latter part is omitted) 

Biophysical 
journal 

Zn-Co sulfide, 
graphene, micro 
flower, 
asymmetric 

1983 

  
    Table 2: A Sample of Key Sentence Extraction Method 

Description Text Extracted Key Sentence 

Rat brain membrane preparation and opioid binding was performed as described previously 
by Loukas et al. [[**##**]]. Briefly, binding was performed in Tris-HCl buffer (10 mM, pH 
7.4), in a final volume of 1.0 ml. The protein concentration was 300 μg/assay. 

Rat brain membrane preparation and 
opioid binding was performed as 
described previously by Loukas et al.  

 

Figure 1: Length Distribution of Title (a), Abstract (b) of Candidate paper dataset and Description Text of Query (c) 
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3 PROPOSED APPROACH 
In this section, we elaborate our proposed framework for query-
based passage re-ranking task [8] aimed at citation intent 
recognition. The overall framework and pipeline of our solution is 
summarized in Figure 2 and is explained in detail in this section, 
which aims to provide step-by-step instructions to accompany our 
published code for reproducing of our results.  

3.1 Data Preprocessing 
In the description sequence given by the title, there are many 
description texts that are the same, but the location of the reference 
mark is different. That is, in the same paragraph, different sentences 
quote different papers. In view of this phenomenon, we extract the 
sentence where the reference ID is located as query to generate 
candidates. We only select the sentence before [[**##**]] as the 
key sentence of query description, which can largely minimize the 
calculating time and foster recall accuracy improvement. And a 
sample of key sentence extraction method is illustrated in Table 2. 
As we have a large number of models and hyperparameter settings, 
we refer the reader to our published code for further details. 

3.2 Candidate Paper Recalling 
In the stage of candidate paper recalling, we mainly use BM25F 
model and Weighted TFIDF, which uses the same weighted 
attributes as BM25F, model to recall 80 and 20 pieces of candidate 
papers respectively. What’s more, by combining attributes 
illustrated in Figure 3, we get the highest recall rate when recalling 
TOP-N candidate papers in the training dataset according to our 
experiments. In addition, we don’t use the ‘year’ and ‘journal’ 
attributes of candidate papers in this stage because relatively 
serious attribute deficiency exists in these two attributes. 
 

Figure 3: Attributes Combining Method of Candidate Paper 
 

3.3 Candidate Paper Re-ranking 
In the paper, we used BERT as the base model. BERT is a language 
representation model which achieves impressive performance in 
query-based passage re-ranking tasks. 

Considering that the candidate papers in this dataset mainly 
comes from biomedical journals, we focus on both scientific and 
biomedical text mining SOTA models to do candidate paper re-
ranking. In addition, we use the data augmentation methods such as 
changing words and deleting words to query because the proportion 
of positive and negative samples is very unbalanced. 
 

 
Figure 4: Overview of the pre-training of BioBERT 
 
Recently, the state-of-the-art model of biomedical word 
representation model is BioBERT, which is a pre-trained language 
representation model for the biomedical domain. The overall 
process of pre-training is illustrated in Figure 4. From our 
experiment, using BioBERT in candidate paper re-ranking can 
improves 5% MAP@3 than a single BERT model in this citation 
intent recognition task. 

Furthermore, we try SciBERT, a BERT model trained on 
scientific domain corpus. Though it is relatively less effective than 
BioBERT, it serves as a useful model to be blended in the further 
model ensemble stage. 
 

Keyword Keyword Title Title Abstract 

Figure 2: An overall framework and pipeline of our solution for citation intent recognition 
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3.4 Model Ensemble 

 
Figure 5: Model Ensemble Architecture 
Model ensemble is a very powerful technique to increase accuracy 
on a variety of ML tasks which is also effective in this task. As is 
shown in Figure 5, the final scheme of our team uses nine models 
for fusion, involving six types of models, namely: BioBERT_v1.1 
* 3, BioBERT_v1.0_PubMed_PMC * 2, BioBERT_v1.0_PubMed 
* 1, BioBERT_v1.0_PMC * 1, BioBERT_dish*1, SciBERT* 1. All 
neural networks models can be trained simultaneously using 
multiple GPU devices. For training diversified BERT models, we 
use multi-core CPU based version using different cross validation 
strategy including random seed number, number of folds.  

We then use weighted fusion to blend all predictions in order to 
have the final prediction. What’s more, we chose these weights by 
threshold search to make sure the blended result is an optimal 
mixture of both predictions, which brings about 1% MAP@3 
increase compared with our best single model. 
 

4   RESULTS 
Table 3: MAP@3 of Different Recall Methods 
Method MAP@3 
BM25 0.249 
TFIDF 0.156 
Sentence-BERT [9] 0.073 
BM25F 0.270 
Weighted TFIDF 0.171 

 
We had tried several recall methods, including BM25, TFIDF, 
Sentence-BERT, BM25F and Weighted TFIDF. The MAP@3 
scores are shown as Table 3. At last, we use BM25F and Weighted 
TFIDF. 

Table 4: Top Model Performance on Test Set 
Method MAP@3 
BioBERT_v1.1 0.394 
BioBERT_v1.0_PubMed_PMC 0.391 
BioBERT_v1.0_PubMed 0.382 
BioBERT_v1.0_PMC 0.380 
SciBERT 0.374 
BioBERT_dish [10] 0.365 
Blended Model 0.407 

The results from all levels are summarized in Table 4. The test set 
MAP@3 for our blended model is 0.40695, which ranked 3rd on 
the final leaderboard without any usage of data leakage. What’s 
more, the best single model to be used in the stage of candidate 
passage re-ranking is BioBERT_v1.1.  

5   CONCLUSION AND FUTURE WORK 
In this paper, we have introduced an empirical ensemble recall and 
re-rank framework for the Citation Intent Recognition Challenge of 
the WSDM Cup 2020. Our team Xiong gets 40.695% MAP@3 on 
the final leaderboard. In our solution, we first conducted 
exploratory data analysis and data preprocessing, then we conduct 
the 2-stage of query-based candidate paper recalling and re-ranking. 
In the first stage of candidate paper recalling, we used an ensemble 
method of blending the recall sets of BM25F and Weighted TFIDF 
model to build our candidate paper set. After that, the candidate 
papers corresponding to a certain citation description text are re-
ranked with our blended BERT model, which uses 5-fold stacking 
strategy to generate the probability and calculates a weighted sum. 
Finally, our blended BERT model predicts the TOP3 paper 
candidates of the testing data as the final result. While obtaining 
promising performance on the whole, our model still cannot handle 
some bad cases such as candidate papers that lack many attributes. 
We will leave these challenges for future work. 
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