OummMnuajaa Uisl CTY/IeHTOB U BbIyCKHIKOB — 2018 r.

Hanpasiienue: «®yHaaMeHTAIbHAA M NPUKJIAAHAA JUHTBUCTHKA)
Ipopuib: «KoMnboTEepHas TUHIBUCTHKA» KO/ - 310
Bpems BbInosiHeHust 3agaHusi — 180 MuH., I3bIK — pyCCKHUIi.

3aganue 1.

B coumanbHol cetn «CBUTTEP» KaXKIbIM IOJIB30BATEIb MOXKET IOJIUCATHCSA HAa OOHOBJICHUS
ar00oro Jpyroro mojb3oBaTensa. Bcero B «CButTtepe» 3apeructpupoBaHo 2018 denmosek.
Uccnenosarens counanbubix cereit T. A. Pantyn 3Haer, uto B «CBUTTEpPE» €CTh MOJIb30BATEIb,
KOTOpPBIA HU HA KOTO HE MOJMKUCAaH, HO HAa HErO MOJANKUCAHBI BCE OCTAIIbHBIC, U XOUET €r0 HAWUTH.
Hns sTOoro oH Hamucand OporpaMmy, KOTOpas yMeeT Jenarh 3ampoc K «CBUTTEpY» BHAA
IIOJINCAH JIY IOJIb30BaTeNlb X Ha OOHOBIIEHHS HOJIb30BaTels Y 7». Kakoe MUHHMAaIbHOE YUCIIO
3alpOCOB TaKOro BHJA HYKHO OyZAeT cienaTh mporpamme, 4ToObl HaBepHSAKA HaWTH TOTO, KOTO
oHa meT? a) Jlokaxkurte, 9TO ITOrO YUCIIa XBAaTUT; 0) JlokaxkuTte, 94TO JTFOOOT0 MEHBIIETO MOKET
HE XBaTHUTh.

3amanue 2.

[lepen Bamu cTOMT 3a/a4ya pa3paboTaTh QUANOroByro cucreMy. CrucreMa JOJKHA paclo3HaBaTh
“nyOomKaTel”’ BOIPOCOB (IyOJIMKATBI W HEUYETKHUE JYyOJUKATHI), T.€. BOMPOCHl, HA KOTOPBIC
MOKHO HMETh OJMHAKOBBIE OTBETHl. B YacTHOCTH, B CHUCTEMY JOJDKEH BOWTH HEKOTOPBIN
MOJYJIb, KOTOPBIM MO MPEAbSIBICHHBIM JBYM BOIPOCAM OIPEICISET, SBISIIOTCS JIM BOIPOCHI
nyOnukaTamu (IMMOX0KHUMH BOIIPOCAMHU).

Hampumep, oIMHAaKOBBIMHM CUMTAIOTCS BONPOCHl «l'71€6 MOYKHO HAaWTH XOpOILIME HACOCHI?» U
“Mecto nponaxu Hacoca” wiH “Kak y3HaTh, Kak pelIMTb 3a/1ady Ha CUHTYJISIPHOE Pa3JIOkKEHHE
matpuipl?” u “I'ne Haiitu mpumep pemienns 3agadn Ha SVD”.

3anmava: 17 IpUBEIEHHBIX HUXKE Map BOMPOCOB OMPEIENNUTE, SBISIOTCS JH OHU Nepudpazamu.
Onumure metonsl AOT, ¢ MOMOMIIBIO KOTOPBIX MOXKHO OBLIIO OBl OMpEAeNUTh, YTO Iapa
ABIseTCs epudpazamu.

Hnst sToro:
(a) pa3meTbTe apbl BOINPOCOB: OK — NepHudpasa, HeT — He nepudpasa.
Jlist kax o u3 map, kKotopbie Bel cuntaere nepudpazamu ykaxure:

(0) ykaxuTe Kakyro 3amady o0pabOTKH TeKcTa HEOOXOUMO, YTOOBI IIPOrpaMMa pelrana, 4YTo0bl
MOYKHO OBUIO BBIYHCIHTH OJIU30CTH COOTBETCTBYIOIIMX BOMPOCOB (HAmpuMep, IS Maphl 3
nprUMepa JOCTaTOYHO CTEMMUHTA IJIaroia, CHATHS MOP(OI0rnyeckoil OMOHUMHMH, OTIPE/IETICHUS
nagexeH ...); 9T0 MOXKET OBITh CHEeJUI-YeKHHT, 00paboTka OyKBEHHO-IIM(PPOBBIX KOMILIEKCOB,
pacrio3HaBaHME MOJIEKAIIET0 B NMPEAJIOKEHUU; BBIJEICHUE KOJJIOKAMN C HUCIOJIb30BaHUEM
B3aUMHOI HH(OpPMAIIMHK, BEKTOPH3AIIUS ¢ UCTIOIb30BaHueM idf. ...

(B) mpuBeauTe mpuMep 2-3 MpaBui, KOTOPBIE JOJDKHBI COAEPKATHCA B MOJYJIE paclO3HABaHUS
TyOIMKATOB, €CJIM 3TOT MOJIyJIb OCHOBAaH Ha MpaBuiax (MpaBUjIo He 00s3aTeIbHO AOKHO OBITH
IPUMEHUMO KO BCEM JIaHHBIM NMPABUIbHBIM PE3YJIbTaTOM)

(r) mpuBeAMTE MpPUMEP MPHU3HAKOB, KOTOPHIE CJIENYEeT Y4YecTh, €CIM B MOJYJE NPUMEHSETCS
MallMHHOE 00yYeHHe; YTO JOJKHO SBIATHCS OOBEKTAMHU B CUCTEME MAIIMHHOTO OOYYEHHs, YTO
— MpU3HAKaMH, KaKoW METOJ| CTOMT MPUMEHMUTH (Hampumep, kiaccudukarop baiieca, nepeBbs
peLIeHM, KIacTepU3aluio ....)

(1) mpeanoxkuTe 3 CBOMUX Map BOMPOCOB, KOTOPHIE MOXKHO AYOJIMKaTaMU, KOTOPBIE «JIOBSTCS
METOJIaMH, HE YIIOMSIHYTBIMH B KOMMEHTAPHUAX K BOIPOCAM U3 3a/IaHUST; YKAKUTE METO/T
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NB!!! IIpu ¢opmynupoBke Bammux mnpaBwi, NpU3HAKOB, OMUCAHUN THUMOB 00pabOTKH HE
3a0bIBaliTe, 4TO HE BCE Maphl SABJSIOTCS HEYETKUMH TyOIHKAaTaMHU;

Bomnpocsl 17151 pacrio3HaBaHUs:

Bonpoc 1 BOIMpPOC 2 [epudpaza/uer
1 | He otkpsiBaeTcs csv daitn YeM OTKPBITH .CSV (haiin?
2 | 9TO MOAAPHUTH OTILY KaK BbIOpaTh MOJAPOK JJIsI Marbl?
Kaxkoit RGB xon y cBeto-
3 | romy6oro? Kakoit RGB xon y cBetno-3enénoro?

I'te MOXKHO MOKaTaThCs C
JPYTrOM Ha JbDKax U BKyCHO | B kakom mMecTe MOKHO MOKaTaThes ¢

4 | moectn? JPYTOM Ha JIbDKaxX HJIM BKYCHO MOECTb.
[ToueMy pakeTsl KpacsT B
5 | 6enbrin? ITouemy paketsl Bceraa Oenbie?
Kak nanucatp yar-6ota Ha
6 | python? Yar 60T HA MUTOHE
OTKpBIT 11 CETOAHS PaGoraet nu uctopuueckuii Mmysei
7 | ucropuyeckuil myseu 3aBTpa’
Kak nonats 3asBiene o Kyzna 1 komy 3asiBUTh O TOM, 4TO Mpoma
8 | mponaxe cobaku? nec?
O uém 3ameuarenpHas kHura | CoaepkaHuE MPEKPACHON MbECHI
9 | JLk.Poynunr? Poymnunr?
I'te HaxoamTes pecTopan Pecropan Zuijuuuwnwl pacnonoxenue
10 | ApmeHus Ha KapTe
KaK YIPOCTUTH H3ydeHUE KaK cJielaTh 00y4YeHHE CTAaTUCTHKE
11 | craructuku? npoue?
12 | Kak ynakoBaTh nogapok? Kak pacnakoBaTh nogapok?
Kto u3 ctynenros 4-oro
Kypca HaXxOJIUTCS Ha KTo U3 CTYZACHTOB 4eTBEPTOTO Kypca
CTaKHUPOBKE U B HAXOJUTCS Ha CTAXKUPOBKE WU B
13 | sxcniequmun? SKCIIE UL
Kak y3Hatsb, 3710 JicT KieHa, | Kak ompeaenuTs JINCThs pa3HBIX
14 | ny6a unm yero-to emie? JIEpEBHEBR?
3aganue 3.

[IpouTtHute mMOCT M3 OyI0TA, MOCBSIICHHOTO aBTOMAaTHYECKOW 00pabOTKE eCTECTBEHHOTO S3bIKa
(Texct mpuBeneH Huke). CocTaBbTE KPATKOE PE3IOME 3TOTO IMOCTA HA PYCCKOM sI3bIKe (00beMOM
B onuH ab63ar, HO He Ooyee 1000 3HAKOB), OTpa3MB B HEM OCHOBHOW TE3UC aBTOpa IOCTA.
BrickaxuTe Bamm COOCTBEHHBIE COOOpaKEHUS MO MpoOJieMaM, 3aTPOHYTHIM B TIOCTE U HX
pEIECHUM.

On-Device Machine Intelligence

One problem with automated sentiment analysis is the limit of real-world human-based
consensus on sentiment.

| think the recent thought is that humans usually agree about 80% of the time... which
means software can only approach that. If we restrict the domain (which makes inferring context
easier and allows us to build more biased models; i.e., we can assume more consensus between
competing judgements) then you can do better.
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I think more work in social science needs to be done, or NLP needs to dig more into the
literature, on how humans agree on various topics within certain domains and relative to the
context of those people making judgements (even movie reviews are crazy hard! take a simple
binary "Bad|Good" boundary... and depending on the people you ask you get crazy different
overall groupings about whether X movie was good or bad!!).

Take polarizing topics in specific context and you can get obvious boundaries (like
abortion at a GOP conference, etc...). Widen the context (i.e., number of competing judgements
from a more diverse sample size... so now mix people from other political parties in other
countries), and you get messier boundaries.

In short, I think, sentiment analysis is not constrained by the technology, but by human
behavior in general. Sentiment analysis works well if applied under the right conditions.... The
question is, are those conditions so constrained by bias that it's even worth the effort using such a
technique.

tldr;

Basically, you would need a model of human judgments per topic, which requires a model of
what humans use to make judgements. And what do we use? In reality, it is a very sticky
domain. Not even the best social science does this well (recent studies in social science are
finding that long-standing "facts" about humans are clearly biased as they were based on
research done against people coming from very similar cultures and backgrounds.... you need
good sample size with the right distribution if you wanna study things like "What is humor?"....
and the funding for such massive and longitudinal studies in social science is not there... it may
never).

Not only that, say you have a highly constrained domain ("What is the judgement from other
football fans if | say this about topic X"), you need a good model for how those specific
judgements are built up. What if topic "X" is domestic abuse? What if it is about "deflategate™
(which is really about a form of cheating)... these are not simple things. Even the performance of
an athlete in one game is mired in socio-economic and racial contexts (sure if it's just statistics
and things like yards per carry... but we are talking about human judgements... and like it or not
humans use some pretty messy stuff to make judgements about other humans... including simple
texts taken out of context). And, personally, we are a long way from understanding anything
significant about human behavior, relations, and judgements. So you can't just tease out
"sentiment" as a pattern in the textual data... not in the same way you can with things like word
order, word counts, etc....

Even simple things like "Do people find X funny?" Who are the people? What was the topic?
Just look a the difference in race and comedy, both the race of comics and their main audience.
Or do the same thing with culture. In fact, humor is not simple at all.... though after the fact it's
pretty easy to see that some people thought X was funny and others did not. This gives the
impression that it easy to model. All sentiment analysis works like this, in my opinion. We see
judgements after the fact, and see a pattern, and so we assume the pattern is predictive.

tldr;

For example, using SA for sports analysis: in the context of 2 competing teams, applied to the
texts of those fans just from the two competing teams it's kind of a given where the boundary is.
All you get from the Sentiment Analysis is a fairly quick easy way to sort messages into groups.

But do it with something like American football Superbowl: a large part of the text is coming
from people who are not distributed into 2 simple groups (for or against team A) based on a
previous bias. So you need to tease out the grouping. But the boundaries between competing
judgements gets messier PLUS you need to start taking into account a much large domain of
context. So large, in fact, that you may get poor model. Not only that, many people who are not
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really football fans watch the superbowl and make judgements (say you are scraping twitter
comments). Also, the intuition here, and the bias in the model (without more evidence to show),
is that you are looking, during the regular football season, at a very specific Male population that
probably reflects a fairly accurate distribution of race. Who knows about socio-economics (do
rich white males what football??, what about poor black males??).... THE POINT IS, IF YOU
WANT AN ACCURATE MODEL YOU CAN'T JUST ASSUME THE GENDER OR RACE
OR SOCIO-ECONOMICS OF THE SPEAKERS... you need a good model of that too.

Some recent work on things like determining gender from food reviews is, I think, a better way
to approach it. Instead of targeting sentiment as the goal, instead try to tease out certain
attributes, and use those attributes to build up more abstract models where you can kinda guess
the sentiment. This has the benefit of building up some context based on the attributes you
model. Plus, it's more like what many humans do.... before making a judgement on speaker Xs'
sentiment we do filter that through a lot of bias (for better or worse)... including personal
relationship, gender, race, age.... Although maybe not politically correct, we do it nonetheless....
which makes building statistical models in this regard tricky.

For example, and again, good social science should be used here, but take many divisive topics
on race and gender in the real world. We expect the dominant group to display much different
sentiment about real world events (like the question "Is (racism/sexism/ageism) still a
problem”...) distinct from the affected group. To get a good real-world model you need to
account for this. But how do you build a model that is inherently 'racist/sexist/ageist’ without
causing a lot of problems, namely defending the accuracy of the model?

Other less divisive domains have the same issues. Socio-economic issues, or things like sports or
fashion (where you expect not to have to deal with divisive things like race or religion) still have
these problems. Consensus across diverse sample groups will not be very high, and relative to
the theme/topic of the, may vary greatly.

In short, again, | don't think there is any technical limitation in sentiment analysis... pretty much
the same techniques applied to other areas of NLP work in sentiment analysis. The issue is more
a limit on human consensus than building models to good accuracy. So sentiment analysis works
pretty good in very small domains.

https://www.guora.com/How-could-Al-NLP-sentiment-analysis-be-used-to-predict-whether-or-
not-people-will-judge-you-based-on-something-you-say/answer/Joshua-Bowles.
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