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A dog is standing on a hardwood floor. A stop sign is on a road with a
- mountain in the background.

A little girl sitting on a bed with A group of Eeoele sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water. trees in the background.
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BanditSum: Extractive Summarization as a Contectu...
Anovel method for training neural networks to perform
singledocument extractive summarization without
heuristically-generated extractive labels.

Asurvey on Neural Network-Based Summarization We call our approach BANDITSUM as it treats extractive
Summarization as a contextual bandit (CB) problem, where
the model receives a document to summarize (the context),
and chooses a sequence of sentences to include.

in the summary (the action),

Yue Dong

SummaRuNNer: A Recurrent Neural Network based.

Apolicy gradient reinforcement learning algorithm is used
to'rain the model to select sequences of sentences that
maximize ROUGE score.

A Deep Reinforced Model for Abstractive Summariz... im of this iterature review is (0 survey the recent work
L

Neural Extractive Summarization with Side Informa...

Prompters
Get To The Point: Summarization with Pointer-Gene.

Recommended phrases

SummaRuNNer, a Recurrent Neural Network (RNN) based
sequence model for extractive summarization o
documents and show that it achieves performance better
than or comparable to state-of-the-art

Our model has the additional advantage of being very.
Interpretable, since it allows visualization of its predictions
broken up by abstract features such as information
content,salience and novely.

Another novel contribution of our work s abstractive
training of our extractive model that can train on human
‘generated reference summaries alone, eliminating the
eed for sentence-level extractive labels.
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Few contextual citation graphs are publicly available. The ACL Anthology Network (AAN)
(Radev et al., 2009) is one such contextual citation graph built from the ACL Anthology
corpus (Bird et al., 2008), consisting of 24.6K papers manually augmented with citation
information. CiteSeer (Giles et al., 1998) provides a large corpus consisting of 1.0M
papers with full text and bibliography entries parsed from PDFs. Saier and Farber (2019)
introduces a contextual citation graph of approximately 1.0M arXiv papers with full text
LaTeX parses where citations are linked to papers in the Microsoft Academic Graph.
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6000 TOT — Mexican War Our Model — Mexican War

3000
|
4000 2000
2000 1000
I
0 0
1800 1850 1900 1950 2000 1800 1850 1900 1950 2000
1. mexico |[8. territory 1. east bank 8. military
2. texas 9. army 2. american coins 9. general herrera
3. war 10. peace 3. mexican flag 10. foreign coin
4. mexican 11. act 4. separate independent [11. military usurper
5. united 12. policy 5. american commonwealth|12. mexican treasury
6. country [13. foreign 6. mexican population 13. invaded texas
7. government|14. citizens 7. texan troops 14. veteran troops
N



6000, TOT — Panama Canal . Our Model — Panama Canal

6000
4000 4000
2000 2000
0% T : 0
1800 1850 1900 1950 2000 1800 1850 1900 1950 2000
1. government 8. spanish 1. panama canal 8. united states senate
2. cuba 9. island 2. isthmian canal 9. french canal company
3. islands 10. act 3. isthmus panama 10. caribbean sea
4. international|ll. commission 4. republic panama 11. panama canal bonds
5. powers 12. officers 5. united states government 12. panama
6. gold 6. united states 13. american control
7. action 7. state panama 14. canal




A
)



T




L [l +R £ +R @ R HO +R 5E
o 93%
o
200! 1400 475! 2800




Camoru): snoscrn

5 KOPES, AKTTCANE IR, DS

130, BeEC 33, L anee. WDEAE 1, Y16, MAHIPO ok,

cramac

(TR} K TARCKYEL pOCEn, npOISSIRCTER, KITSE. MPOAYALYS, CTRINS
PSRN AT KUV, TG NA, MR, RTIG, RSN Ts,
o op

PRk scolsEaxan, 4acpb pouea
PASCNGD3, IHEN3. KADCH. WOCKES, CTRIHE. 3DIRNIK

030, pusk,
(FBYRIMLI): PRIMEAD ENEUNS oMY SSryer BSTaaza. poctaNeANl
CREWI4 SR IOTOEEU. O%eoan, Dy GpATaRa. MADUTOOPMELKIE. alsa,

PLSA seed words interpretable multimodal
temporal geospatial sentiment

== | max
g

=3

+R +R







Number of extracted rend topics

o S0 w0 150 2000
Days

interpretable dynamic multimodal n-gram

PLSA o e
L I+RI +R+RED+RS§S$ I max




2 fa hid
23 ot a5 o av e 2w w0 mn me

PLSA interpretable temporal multimodal
s []
n-gram multilanguage

+R omm +R I max
ks L]

° 551 65




Modalities | Pr Rec | F1
TF-IDF 0.51 | 0.95 | 0.67
SPO 059 | 0.7 | 0.64
FR 0.86 | 0.49 | 0.65
Sent 0.69 | 0.57 | 0.66
SPO+FR | 0.86 | 0.68 | 0.76
SPO+Sent | 0.83 | 0.78 | 0.81
FR+Sent 09 | 052 | 0.67

All 0.77 | 0.97 | 0.86
PLSA interpretable multimodal n-gram syntax
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... Mpe3ungeHT Metp MopolueHko 3asBun, YTo|Poccus jae-hakTokOHPUCKOBaNDYKPaUHCKE NPeANpPUATUS, KOTopble
HaxoAATCS Ha HEeNOAKOHTPONbHOM Knesy Tepputopun. Ceroaxs AHP v JIHP "HaumoHanu3nposanu" ykpauHckme
npeanpuaTUA ... Mpy 3Tom Kpemib 3aynTakoHduckaumidnpeanpusTiin 8 JIAHP ... YkpauHa noTpe6yeT paclumpus

CcaHK lvm 3a BCe 3TV AeiicTBUA 06s13aTeNbHO HACTYNUT HakasaHue. YKpaviHa noTpebyeT paclumpeHunst CaHKUWiA Ha Tex,

KTO KpauHckne npeanpusTus ... (Kiev opinion)

... Mo cnoBam 3axapu4eHko, Kmea‘liche?ﬁT cBOWA (@) oHel"... Knes BO3bMeTCA 3a yM, 1 B LieNsx cnaceHuns
CO6CTBEHHON NPOMBILLNEHHOCTW CHUMET 610Kagy ... O6cTaHOBKa, KOTOPYH UCKYCCTBEHHO COo3jana YKpanHa ¢ 6nokagon
AoHbacca, BbiHyANNa ... BOIN Hapo4 ... ecn B Knese 6binv NPUHATLI Kakoe-1nbo NocTaHOBNEHNE ...

NonoXuTeNbHble pesynbTaTl, kak B pecnybaunkax, Tak n Ecnn UM yaacTca cMecTnTb MopOLLEHKO|(U NpY 3TOM
He pa3BanuTi TO BCE BEPHETCA Ha CBOW MecTa ... (Moscow opinion)
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