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Towards Feature Engineering at Scale for Data from Massive Open Online Courses

n MOOCs. B feawre

improve our understanding of learners online behay

engineering reles so heavily en human Insight, we argue that exira effort should be made to engage the crowd for feature proposals and even their opera

We show two approaches where we have started to engage the crowd. We also show how feature

an be evaluated for their relevance in pred
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Reciprocal Recommender System for Learners in Massive Open Online Courses (MOOCs)

seribe to various courses on offer. MOOC forums and

ve open online courses (MOOC) desrive platforms where users with completely different backgroun:

offer learners a medium to communicate with each other and maximize their learning outco arners are hesitant to

nes. However, oftentimes

{oeing shy, d

't know the right mat: n this paper, we p
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A Survey of Natural Language Generation Techniques with a Focus on Dialogue Systems - Past, Present and Future Directions

One of the

jest problems in the area of N

el Language Processing and Artif elligence is automatically generating language thatis coherent and

rstandable o

humans. Teaching machi
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Capturing “attrition intensifying” structural traits from didactic interaction sequences of MOOC learners
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rempt to discover hidden structural configurati i & Courses (MOOCs).
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'y generating language that s coherent and
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Topic modeling

OC learners

This workis an attempt to discover hidden structura)

ne Courses (MOOCs). Leveraging
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BanditSum: Extractive Summarization as a Contectu... iy e eror

Anovel method for training neural networks to perform
ove) method for raining newra ecrarks b perfor documents and show that it achieves performance better

Yue Dong, Yikang Shen, Eric Crawford, Herke van Hoof, Jackic
8 s Singledocument extractive summarization withs e et
heuristically-generated extractive labels. b parable to state-of the-art.
Asurvey on Neural Network-Based Summarization We call our approach BANDITSUM as it treats extractive e o rng ary
Interpretable, since it allows visualization of its predictions
e Summarization as a contextual bandit (CB) problem, where rcte i b sheuac Teamires e s s o

the model receives a document to summarize (the context),
and chooses a sequence of sentences to include.
in the summary (the action).

content,sallence 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.

SummaRuNNer: A Recurrent Neural Network based.

A policy gradient reinforcement learning algorithm s used
to'rain the model to select sequences of sentences that
maximize ROUGE score.

Ramesh Nallapat, Feifei Zhal, Bowen Zhou

A Deep Reinforced Model for Abstractive Summariz... {m of this erature review s tosurvey the recent work

\:based models in automatic text summarization

Romain P ming X ard Socher

We examine Mgetailten state-of the-art neural-based

Neural Extractive Summarization with Side Informa...

Shashi Narayan, Nikos Papasarantopoulos, Shay B. Coher

Prompters
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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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Gallia est omnis divisa in partes tres, guarum unam incolunt Belgae,
aliam Aquitani, tertiam qui ipsorum lingua Celtae, nostra Galli
appellantur. Hi omnes lingua, institutis, legibus inter se differunt.
Gallos ab Aquitanis Garumna flumen, a Belgis Matrona et Sequana
dividit. Horum omnium fortissimi sunt Belgae, propterea quod a cultu
atque humanitate provinciae longissime absunt, minimeque ad eos
mercatores saepe commeant atque ea quae ad effeminandos
animos pertinent impartant, proximique sunt Germanis, qui trans
Rhenum incolunt, quibuscum continenter bellum gerunt. Qua de
causa Helvetii quoque reliquos Gallos virtute praecedunt, quod fere
cotidianis proeliis cum Germanis contendunt, cum aut suis finibus
eos prohibent aut ipsi in eorum finibus bellum gerunt. Eorum una
pars, quam Gallos obtinere dictum est, initium capit a flumine
Rhodano, continetur Garumna flumine, Oceano, finibus Belgarum,
attingit etiam ab Sequanis et Helvetiis flumen Rhenum, vergit ad
septentriones. Belgae ab extremis Galliae finibus oriuntur, pertinent

Manipulative Wording: Loaded Language
Attack on Reputation: Smears

Manipulative Wording: Exaggeration |

| Justification: Appeal to Values |

Commissio
PopulusQue
Europaea
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LEeTeKUMA NPUEMOB MaHUMYAUPOBaHUA

AeTeKuus 3amanymsaHun

netekuma obmaHa (deception detection), cayxos (rumors d.), muctudurkaumii (hoaxes d.)
netekuma knnkbaiiTa (clickbait detection)

aBToMaTu4ecKan nposepKa dakTos (auto fact-checking)

netekuma nosumumm (stance d.), npotusopeunii (controversy d.), nonspusaumm (polarization d.)
BbIAB/IEHWE KOHCTPYKTOB KapTUHbI MUpa: uaeonorem, mudonorem

OLIEHWUBAHME BO3MOXKHbIX NCUXO-IMOLMOHANbHBIX PEeaKLuit

BblAB/IEHWE LieNeBbIX ayAUTOPUIA BO3AeHCTBMA

OLIEHMBaHWE W NpefcKasaHue CKOpocTu pacnpocTpaHenus (virality prediction)
OLIEHMBaHWe OCTOBEPHOCTU UCTOUYHUKOB (credibility scores)

JeTeKuua NpaMoit arpeccuu (Yrposbl, NpusbiBbl, NPOBOKaLWK, BepGOBKa, IKCTPEMU3M)




1. Knaccudmkaumsa Tekcra (coobueHuna/npeanoxeHuns) uenmkom
* deception detection, fact-checking, text credibility

N

. Knaccudmkauma napbl Tekctos
* stance, controversy, polarization, clickbait detection
* BbifiB/IeHME NPOTUBOPEYNIA, pasHOINacuii, 3amanymBaHus

3. PasmeTtka TeKcTa (BbligeneHue n Knaccudpukauma ¢pparmeHTos)
* MOWCK IMHIBUCTUYECKUX MapKepos (linguistic-based cues) B TekcTe
* feTeKuma NPUEMOB MaHMMyIMPOBaHUA
* BbifiB/IeHWE KOHCTPYKTOB KapTUHbI MM1pa: Mudonorem, naeonorem
* BbifiB/IEHWE NCUXO-IMOLMOHA/bHBIX PeaKLUA U LLeNeBbIX ayauTopuid

4. Knacrepusauuna uanm tTematMyeckoe moaennmposaHue
* K/JacTepusaums MHeHWI No 3aaaHHon Teme (controversy detection)
* BblAB/IEHME NONAPU30BAHHBIX MHEHUI (polarization detection)
* BbifiB/IeHNE MHEHWI KaK COYeTaHW C/I0B, CEMaHTUYECKUX Poiei U TOHaNbHOCTEN
* BbIAB/JIEHWE KKAPTUH MMUPa» — YCTOMUMBBIX COMETAHUN CYyKAEHWUI U naeonorem
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®AKTUYECKAS| OLUMEKA
aBTOp BbicKasbiBaHUs A.DpaHL

B cBoeM BbicKasbiBaHWUM «ECNM YenoBek 3aBUCUT OT NpUpPOAbI,
TO 1 OHa OT Hero 3aBucuT [l. MepexKoBCKMii

Tesunc He obocHoBaH




AnroputMuueckas pasmeTka
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Pa3meTKa COCTOMT U3 3NeMEHTOB

AnemeHT Pa3sMeTKMn MOXKeT cogepaTb
ntoboe ymcno cbparmeHTos, 3aTEKCTOB U Teros

Teru (knaccel) BbIGUpatOTCA U3 CI0BapA TEroB

®dparmeHT 3a43ETcA HaYasIoM M KOHLLOM,
MOXeT UMETb OAWNH U HECKONbKO TEroB:

Geina nocTasnena sagava

NIDUTODMOSHTS HayuHO-TEXHINECKU NPOTPECC MYTEM BHEADEHA onpeaenen
END, @

3aTeKCT MoXKeT Bbl6UpaTbea U3 cnosapa dpas
MM cBOBOAHO reHepnpoBaTbCA MO KOHTEKCTY,
MOKET UMETb OAMH U HECKONBbKO TEroB

Womapecm ames i
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