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Incorporating Multi-granularity Extractive Features for Keyphrase Generation

ZHEN Tiange, SONG Mingyang and JING Liping
School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China

Beijing Key Lab of Traffic Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044 , China

Abstract Keyphrase is a set of phrases that summarizes the core theme and key content of a given text. At present,information
overload is becoming more and more serious,it is crucial to predict phrases with their central ideas for a given large amount of
textual information. Therefore,keyphrase prediction,as one of the basic tasks of natural language processing.has received more
and more attention from research scholars. Its corresponding methods mainly contain two categories,namely keyphrase extraction
and keyphrase generation. Keyphrase extraction is the fast and accurate extraction of salient phrases that appear in the given text.
Unlike keyphrase extraction, keyphrase generation predicts both phrases that appear in the given text and those do not appear in
the given text. In summary,both have their advantages and disadvantages. However,most of the existing work on keyphrase ge-
neration has ignored the potential benefits that extractive features may bring to keyphrase generation models. Extractive features
can indicate important fragments of the original text and play an important role for the model to learn the deep semantic represen-
tation of the original text. Therefore,combining the advantages of extractive and generative approaches, this paper proposes a new
keyphrase generation model incorporating multi-granularity extractive features( MGE-Net). Compared with recent keyphrase ge-
neration models on a series of publicly available datasets, the proposed model achieves significant performance improvements in
most evaluation metrics.

Keywords Natural language processing, Sequence-to-Sequence, Keyphrase generation, Extractive features, Multi-task learning
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)5 &3 Development, implementation, and a cognitive evaluation of a definitional
question answering system for physicians. The published medical literature and
online medical resources are important sources to help physicians make patient
treatment decisions. Traditional sources used for information retrieval (e.g.,
pubmed) often return a list of documents in response to a users query. Frequently the
number of returned documents from large knowledge repositories is large and makes
information seeking practical only after hours and not in the clinical setting. This
study developed novel algorithms, and designed, impl ted, and evaluated a
medical definitional question answering system (medqa). Medga automatically
analyzed a large number of electronic documents to generate short and coherent
answers in response to definitional questions (i.e., questions with the format of what
is x). Our preliminary cognitive evaluation shows that medqa out performed three
other online information systems (google, onelook, and pubmed) in two important
efficiency criteria namely, time spent and number of actions taken for a physician to
identify a definition. It is our contention that question answering systems that
aggregate pertinent information scattered across different documents have the
potential to address clinical information needs within a timeframe necessary to meet
the demands of clinicians.

HIA R X AP #XEIF: evaluation; question answering; information

retrieval
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Fig. 1 Example of original text and its keyphrase in dataset
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Table 1 Statistics of test dataset
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(MGE-Net) . 351t T AH R 09 5200 45 3. o0 45 340 B
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Table 2 Results of present keyphrase prediction

Method Inspec , Krapivin , ‘ NUS , ‘ KP20k
Fl@M Fl@5s Fl@M Fl@5s Fl@M Fl@5s Fl@M Fl@5s
catSeq 0.262 0.225 0.354 0.269 0.397 0.323 0.367 0.291
catSeqCorr 0.269 0.227 0. 349 0.265 0. 390 0.319 0. 365 0.289
catSeqTG 0.270 0.229 0. 366 0.282 0.393 0.325 0. 366 0.292
ExHiRD-s 0.278 0.235 0.338 0.278 — — 0.372 0.307
ExHiRD-h 0.291 0.253 0. 347 0.286 - - 0.374 0.311
SEG-Net 0.265 0.216 0. 366 0.276 0.461 0.396 0.379 0.311
Transformer 0. 296 0.255 0.356 0.290 0.416 0. 355 0.370 0.310
MGE-Net(N=3) 0.319 0.274 0. 366 0.303 0.431 0.377 0. 381 0.330
MGE-Net(N=2) 0.330 0.287 0.355 0.308 0.438 0.378 0.381 0.329
MGE-Net(N=1) 0.320 0.270 0. 359 0.293 0.414 0.361 0. 383 0.330

MGE-Net 55 HoAth 3 #E 77 12 78 A H BUAE B SCAS HR 119 56 i)

LRI R bR B gk 3 Bl .

3 R BRSSO TR G B IR b R S g Y

Table 3 Results of absent keyphrase prediction

Method Inspec , ‘ Krapivin , ‘ NUS KP20k
Fl@M F1@5 Fl@M F1@5 Fl@Mm F1@5 Fl@M F1@5
catSeq 0. 008 0. 004 0. 036 0.018 0.028 0.016 0.032 0.015
catSeqCorr 0.009 0. 005 0.038 0.020 0.024 0.014 0.032 0.015
catSeqTG 0.011 0.005 0.034 0.018 0.018 0.011 0.032 0.015
ExHiRD-s 0.021 0.009 0.033 0.016 - - 0.029 0.014
ExHiRD-h 0.022 0.011 0.043 0.022 - - 0.032 0.016
SEG-Net 0.015 0. 009 0.036 0.018 0.036 0.021 0. 036 0.018
Transformer 0.014 0.007 0.046 0.024 0.034 0.020 0.036 0.018
MGE-Net(N=3) 0.019 0.010 0.068 0.035 0.039 0.021 0.047 0.023
MGE-Net(N=2) 0.020 0.010 0. 055 0.029 0. 053 0.030 0.043 0.020
MGE-Net(N=1) 0.023 0.012 0.057 0.030 0. 036 0.021 0. 044 0.021
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M 3 FTHT MGE-Net A i f fIe 45 55 ML 2 om | ik i
Tk R RN T RILRR, WK F, MGE-Net {i
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Net 7 Krapivin 8454 L) F1@5 4> 5 fE ik 8] 45. 8% MM
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B X 431, DT B AR 285 SR 9 0% B T s/ B R 1 18 DL
3.5 ROGISH
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W32 B i A T — AR 0 ) TR 5 AR L e 3 i . Hop L B
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] R TN 25 SR (8 B S T 4R B 1 A S AT DT D) Hh R
5350 R €0 T <7 A R0 8 ok AR s o it AL s I TE D
SCAR ) O B ) AE 5 SCAS m ML AR R % 5 ot IR S SO
B ORI 5 JE SCAR B S i B R SCA T T ) 2k
FR

TEP 3 L FR AT T LA B L A L Transformer 3 #E J5 2%
B0 45 AL, MGE-Net B 2 % 91 i} T “image restoration”
“stereo” Fll“segmentation” %5 H BILE JE SCAS o i S g il . 7 EL
AT LAEZE R, h F s T 285 R CREAE, MGE-
Net M T “minimum cut” il “maximum flow” # 4> ¢ £
i, 1 dE Transformer :#E J7 2% B (9 “ min cut max flow al-

gorithms”,

BM\HE XA An experimental comparison of min cut max flow algorithms for
energy minimization in vision. Minimum cut/maximum flow algorithms on
graphs have emerged as an increasingly useful tool for exactor approximate energy
minimization in low-level vision. The combinatorial optimization literature
provides many min-cut/max-flow algorithms with different polynomial time
complexity. Their practical efficiency, however, has to date been studied mainly
outside the scope of computer vision. The goal of this paper is to provide an
experimental comparison of the efficiency of min-cut/max flow algorithms for
applications in vision. We compare the running times of several standard
algorithms, as well as a new algorithm that we have recently developed. The
algorithms we study include both Goldberg-Tarjan style "push -relabel" methods
and algorithms based on Ford-Fulkerson style "augmenting paths." We benchmark
these algorithms on a number of typical graphs in the contexts of image
restoration, stereo, and segmentation. In many cases, our new algorithm works
several times faster than any of the other methods, making near real-time
performance possible. An implementation of our max-flow/min-cut algorithm is
available upon request for research purposes.
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minimum cut; maximum flow; image restoration; stereo; segmentation
Sk I X

graph algorithms; multicamera scene reconstruction; index terms energy
minimization

Transformer: min cut max flow algorithms; energy minimization; combinatorial
optimization; graph algorithms

MGE-Net: min cut; max flow; energy minimization; vision; image restoration;
stereo; segmentation; graph algorithms
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Fig. 3 Prediction results of a sample in test dataset
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