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Detecting Insults in Social Commentary

JlaHHBIE:!

— Cnucok coobmenuii - {BpeMs, TEKCT }

— OOyuaromias Beioopka ~ 4000 cooOmieHui

TpebOyercsa kiaccupuIUpoBaTh COOOILECHMS Ha JIBa
KJIacCa: OCKOPOUTEIBbHHUE U HE OCKOPOUTEIBHEIE.

dyuknuonan kadectBa — AUC

JIBa HaOOpa BBIOOPOK: MIPOMEKYTOUHAS U
OKOHYaTEIbHas

— — .




Detecting Insults in Social Commentary

JIlunenHas perpeccus

OCHOBHBIE TTIPU3HAKU:

— KOJIMYECTBO CJIOB “you” W €ro IMPOU3BOIHBIX
— KoIm4ecTBO cjaoB u3 badword list
— KOJIMYECTBO map Buaa “you ... <badword>"

| — KNN 110 BpemeHnu cooOmeHus
Pesyinbrar:

~ MpOoMEKyToUYHbIE JaHHbIe — 0.861

— OKOHYaTejbHbIe JaHHbIE - 0.666

<




Detecting Insults in Social Commentary

[IpoOaeMmBI:

— IINNIOXOC Ka4CCTBO JAHHBIX

— Ppa3HOE pacupeieICHue COOONICHUN IT0 BPEMEHU B
IPOMEKYTOUHBIX M OKOHYATEJIbHBIX JTaHHBIX
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Detecting Insults in Social Commentary

[1710THOCTE COOOIIEHHI ITO0 BpeMeHU (IIPOMEKYTOUHBIC TAHHEIC)
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Detecting Insults in Social Commentary

[110THOCTE COOOIICHUI IT0 BpeMeHH (KOHCUHBIC TAHHBIC)
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O030p pelICHUM.
Bag of words

. Bce cioBa HyMeEpyroTCS

> l'eHepupyeTcst MapTUIla TPU3HAKOB: M;j —
KOJIMYECTBO CJIOB C HOMEPOM ] B 1-M COOOIIICHUHU

;.  Ilpumensercs nopmuponka TF-IDF (term
frequency — inverse document frequency)

»  3aTEM JIOTHCTHYECKas perpeccus

IToMHUMO OTAEIBHBIX CII0OB MOXKHO pacCMaTpUBATh
OYKBEHHBIC U CIIOBECHBIEC N-rpaMMBbl




O030p pelICHUM.
Bag of words

TF.. — i
T Yemik
mg; > 0
IDFij=—long[ o |
m;; mg; > 0
TF;; x IDF;;= 5 ;-klong[ li ]
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O030p pelICHUH.
Bag of words
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* HAHOOJIBIIHUHN TOJOKHUTEILHBIA BEC
* HANOOJIBIINI IO MOAYIIO OTPULIATEIILHBIN BEC




O030p pelICHUM.
IIpoure MmeToabl

Taxxe UCIIoJIb30BATUCE:

L1-perynspuzanus
Stochastic gradient
SVM

KNN

Badword list
Information gain
Maximum entropy

Chi-squared




CTaTUCTUYECKUH NTAPCUHT.

POS-tagging

Part-Of-Speech (POS) tagging — 3agada onpeaeneHus
YacTeu peUYM y CJIIOB B TEKCTE.

CKpBITbIE MAPKOBCKUE MOJEIIH
CraTucTrnyecKre METOIbI
SVM

Maximum entropy classifier
Nearest neighbour

KagecTBO — 0K0J10 95%




CTaTUCTUYECKUH NTAPCUHT.

PCFG

CroxacTuueckas KOHTCKCTHO-CBOGOI{Ha}I I'paMMATHKaA
(Porbabilistic context-free grammar, PCFG) —
KOHTCKCTHO-CBO6OI{H3}I I'paMMAaTHKa4, B KOTOpOfI JIJIA
KAKI0T'0O HCTCPMHUHAJIA HAa MHOZKCCTBC BCCX IIPABUJI,
PAaCKpPBIBAIOIINX €T0, 32JIaHO BEPOATHOCTHOE
pacripeaciicHue.

PCFG — 310 uetBepka (O, N, S, P), rme Y - MHOKECTBO
TepMUHAJIOB, N — MHOKECTBO HETEpPMHUHAJIOB, S —
HadapbHBIN cuMBOJL, P = {E — &(p)} — MHOXEcTBO
IIpaBuUJ BBEIBOJIA.




CTaTUCTUYECKUH NTAPCUHT.

PCFG

TepMuHaibl — BCE YaCTU PEYH.

HerepMmuHainsl — rpaMMaTHY€CKUE KOHCTPYKIIUMA
(CIIOBOCOYETAHMS, IPEAT0KEHMS ) pa3HBIX THUIIOB.

Penn treebank — kopnyc nokymeHToB n3 ~1.2
MHJUIMOHA CJIOB, cocTaBiaeHHbIi n3 crareit Wall Street
Journal. Cogepxut 36 HETepMUHAIIBHBIX CHMBOJIOB
(Penn treebank tags)
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CTaTUCTUYECKUH NTAPCUHT.

PCFG

[Ipumep mepesa pazdopa (parse tree, consistency tree)

(a) E (b)
_— ]\ /\
NP Cony NP

2 ] T

NP PP and Noun Noun Prep NP

NTH Prep NP cats dogs 1n N‘P Conj N‘P
| |

dogs 1n Nc‘uun NTm and Noun

houses houses ca‘ts
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CTaTUCTUYECKUHN TTAPCUHT.

PCFG

JIBe 3amayu:

. 3ajadya HaCTPOMKH BEPOSATHOCTEH

. 3agada pa3zdopa CTPOKH 10 FpaMMaTHKE




CTaTUCTUYECKUH NTAPCUHT.

PCFG

HacTponka BEpOSITHOCTEN MPABHUII

JI1s1 00ydeHHUs UCIIOJIb3YETCSI KOPIYC TOKYMEHTOB C
IIOCTPOCHHBIM Pa30OPOM.

count(E - ¢)
count(E - n)

P(E - ¢&|E) =

JlpyToil crnocod — MakCUMH3aIUs MPABIOIO0 00U
(Inside-Outside algorithm)




CTaTUCTUYECKUH NTAPCUHT.

PCFG

Paz00p cTpokH.
Probabilistic Cocke-Younger-Kasami (CYK) algorithm

[ pamMMaTHKa IpUBOJAUTCS K HOPMAILHON (popMe
Xomckoro (Chomsky Normal Form, CNF), xotopas
JIOMYCKAET TOJIbKO MpaBUjia TPEX BUIOB:

E — AB
E -«

E — ¢




CTaTUCTUYECKUH NTAPCUHT.

PCFG

Paz00p cTpokH.

Probabilistic Cocke-Younger-Kasami (CYK) algorithm

f(i,j, E) — MakcuMyM ITpaBloBOI0OMS BbIBO/Ia U3 E
MO/INOC/IeA0BATENbHOCTH CJIOB C i-r'o 110 j-€.

[IpaBmonomo6Me BbIBOAA NPEAJIOKEHUS PAaBHO
f(1,n,S), roe n - AJMHA NPeAJI0KEeHHS.

Ecinu E - Tepmunan, To f (i, j, E) paBHo 0 uau 1.




CTaTUCTUYECKUH NTAPCUHT.

PCFG

Paz00p cTpokH.
Probabilistic Cocke-Younger-Kasami (CYK) algorithm

Ecaun E HerepmuHai:

f(i,j,E) = max[maxf(i,j, a)P(E - «a|E)),

max (f(l k,A) = f(k,j,B))P(E - AB|E)]

A,BeN; keli,j]

[I[ppuMeHseTcsa NpaBUJIo, HA KOTOPOM JOCTUTaeTCs
MaKCUMyM. TakuM 00pa3oM CTPOUTCS JePEBO
pa3b6opa.




CTaTUCTUYECKUH NTAPCUHT.

PCFG

Paz00p cTpokH.
Probabilistic Cocke-Younger-Kasami (CYK) algorithm

Peanu3anusi ¢ HIOMONIBbIO METOAA TMHAMUYECKOTO
IpOrpaMMUPOBAHUS.

CnoxkHocTs anropurma — O (n3 * |P| = |N|).

Ecnu 6paTh HE MaKCUMYM, & CYMMHUPOBATh, TO IIOJIYUUM
IpaBAONO00HE BEIBOIA CTPOKH.




CTaTUCTUYECKUH NTAPCUHT.
Dependency structure

Dependency structure — mepeBo 3aBUCUMOCTEH CJIOB B
IPEJIJIOKCHU.

HexkoTtopbie BUABI 3aBUCUMOCTEM:

— CemaHTHUECKUE
— Mopdonoruueckue

— CuHTakcuyeckue (Hau0oJiee UCII0Ib3YEMBIC)
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CTaTUCTUYECKUH NTAPCUHT.

Dependency structure

Bills on ports and immigration were submitted
submitted by Senator Brownback, b‘””“l F\M
Republican of Kansas.

Bills were by
l prep l pobj
on Brownback
l pobj / \‘“PF'?T
ports Senator Republican
Vas m
immigration of
[
Kansas

e — e




Smokey

Tpu xnacca coobmenwuii: offensive, ok, maybe.

1.

Paz0uenue cooO1IeHN Ha MPEIJIOKEHMUS.

AHanu3 Ipeaa0KEeHUs U IIOCTPOCHHE JiepeBa pa3dopa ¢
nomotisro Microsoft Research Natural Language Processing
Group parser.

[Tonck m1a0JI0HOB B MPEIOKECHUMU.
ITocTpoeHue BekTOpa MPU3HAKOB NPET0KEHHUIM.

[TocTpoeHne BeKTOpa MPHU3HAKOB COOOIIECHUN MyTEM
CYMMHUPOBAHUS BEKTOPOB ITPU3HAKOB IMPEIIOKEHUU.

[Toctpoenue nepera pemenuit C4.5
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Smokey.
[1Ta010HBI

Noun phrase, HaunHarommecs ¢ “you’.
Imperative (moBenuTenpHBIC) Statements.
Second-Person Rules

Profanity (site-specific)

Condescending (“caucxoautenbHbIe’) statements

Insults (caosa u3 badword list psgom ¢ you wmnm this xak
MECTOMMEHMEM )




Smokey.
[1Ta010HBI

7. OCKOpOUTEIBbHBIC PITUTETHI.

8. BexmnuBele BeIpaxkeHus (please, thanks ...)

9. Praise (ogooputenpubie) statements (kudos, bless, ...)

10. Hpyrue




# Rule Example n ok maybe  flame
| “You” followed by “guys” “I"ll be giving you guys a call soon.” 38 66% 13% 21%
2 “You” followed by “folks” “Well, you folks have fun poking fun at Newt.” 8 63% 25% 13%
3 “You” followed by any other noun phrase “You guivering, socialist, bedwetters must be scared to death 30 33% 13% 53%
to go to all this trouble bashing Newt.”
4 Imperative sentence (Imp.) with “have...day” “Have a nice day.” 2 100% 0% 0%
5 Imp. with “keep...work™ or “keep...up” “Keep up the good work."” 112 97% 2% 1%
6 Imp. containing “look” “Look forward to hearing from you.” 8 88% 13% 0%
7 Imp. containing “take” “Take care.” 5 60% 0% 40%
8 Imp. containing “let” “Let's not dilly-dally.” 31 87% 13% 0%
9 Imp. containing “thank” “Thank you.” 66 95% 5% 0%
10 Imp. containing “please” *“Please don’t judge us all by our 6th district.” 47 85% 13% 2%
11 Imp. containing “love™ or “like” “Love the artwork!™ 9 100% 0% 0%
12 Imp. with comma or semicolon or more than 12 words “If interested, hit my page.” 63 62% 21% 17%
13  Imp. statement not meeting any of the above rules “Get used to it!” 159  69% 17% 14%
14  Sentence with a word beginning with “you” and with “ilk", “Your ilk is primarily responsible for most of the ills of this 3 0% 67% 33%
country.”
15  Sentence with “your so called” or “your so-called” “Read through your so called evidence™ 4 25% 25% 50%
16  Sentence with “as™ or “like” followed by “yourself” or *“Newt is a god untaintable by such pusilanimous vultures as 3 0% 33% 67%
“yourselves” yourselves.”
17  Quoted phrase preceded by “you™ or followed by “of yours”  *“Why don’t you ‘fact check’ the news media™ 2 50% 50% 0%
18  Sentence with obscene word and site-specific villain or “Newt Gingrich is an a------ ” + 100% 0% 0%
19 Sentence with obscene word not meeting above rule “What the_f--- is your problem?” 17 29% 12% 59%
20 Containing  “you..miffed”, “we/you.musn’t/mustn’t”, *“If you are miffed about this election, just wait till the next.” 3 0% 0% 100%
“chicken[?!]” or “what’s the matter”
21  Containing “your right”, “you have a right”, or “bash™ “While I respect your right to express opinions 1 feel that most 28 32% 25% 43%
of what is posted here is...”
22 Containing “you have got to be"/“you've got to be™/“you “You have got to be joking!!!!™ 1 0% 100% 0%
23 Sentence with tag phrase “It really 1s a helpless feeling when your side 1s solidly in the 2 50% 50% 0%

minority, isn’t it?"”



= Rule Example n ok maybe flame
24 Contains a negative word near a term for the site *You will regret that yvou had anything to do with this 9 22% 33% 44%,
crappy home page.”
25 Contains a negative word near “you” “You Sick idiotic liberals!™ 19 16% 11% T4%
26 Contains a negative word near “this” used as a pronoun. “What kind of crap is this? 3 33% 33% 33%
27 Contains a negative word and a site-specific villain “All the criticism of Newt ... here is quite idiotic” 40 T0% 13% 18%
28 Contains a negative word but does not meet any of the above “Pardon my lack of tact, but this is the most pathetic 128  52% 27% 20%
rules thing I believe I have ever seen.”
29 Contains a site-specific insulting phrase, such as *Slick Willy” “GET THE SOCIALISTS OUT OF MY POCKET ! 49 29% 29% 43%
or “socialis” to liberals.
30 Insulting epithet, such as “get a life”, anywhere in sentence “maybe you should get A life” 33 21% 39% 39%
i Sentence with no obscene words (SNOW) that contains  “Thanks for this service.” 266  92% 5% 2%
“thanks "
32 SNOW with “please” “Please expose this hypocracy...” 128 B6% 10% 4%
33 SNOW with “would yvou™ /"I would "/ “I'd” “Would vou he willing to email me vour loga... "~ 157 90% 8% 1%
34 SNOW with “bless” or “godspeed” “Godspeed, Good Luck and Stay True!™ 5 100% 0% 0%
35 SNOW with “congra®” or “kudos” “This is a very useful page, congrads ! 12 100% 0% 0%
36 SNOW with a positive adjective near a site synonvm “You have got a great web gite here ! 157 9% F% I
i7 SNOW with a positive verb near a site synonym “.owe really enjoy the NEWTWATCH™ 36 92% 8% 0%
38 SNOW with “you™ near a positive adjective. “You have a very good thing going, keep it up.” 34 88% 3% 9%
39 SNOW with “I” near a good verb, a good adjective at the *] was delighted to find ‘The Right Side!™ 220 88% 9% 3%
beginning of a sentence or at the end of a short sentence “(ireat to see a conservative page on the net...”
40 SNOW with “add” near “link™ or “pointer” or with “shall”/ *“I am adding links to your homepage from mine.” 13 02% % 0%
“will” / “recommend” near a site synonym “I shall use your page as a guide...”
41 SNOW containing “link”" and not meeting any of the above I invite you to establish links to my ‘newt bites - And &2 99% 1% [
rules Children Go Hungry’ sticker page...”
42 Contains a smiley face, such as *:-)" or *:)" “I see where you are coming from: Liberal losers who 18 3% 6% 11%
can't get over the loss in '94 ;)"
43 Contains a telephone number “Iam told that 1-800-768-2221 connects directly to the 24 92% 4% 4%
Congressional switchboard free of charge.”
44 Contains a uniform resource locator (URL), ie., a web “You can check it out at http:fwww sfeate com”™ 127 98% 1% 1%
45 Contains “I” near “help” or “give” *...if I can help, let me know.” 12 3% 17% 0%
46 Contains laughter “Ha ha ha ha ha ha ha ha! Your page is a joke!™ 50% 17% 33%
47 Contains exclamation points “neWt glnGriCh i8S evil!!” 460  81% 10%% 0%




Smokey

TpenupoBouHas BeiOOpKa: 720 cOOOIIEHHUA.

Pesyibrar:

Human classification
okay maybe flame

okay 422(98%) 34 (43%) 10 (36%)
maybe 6 (1%) 11 (14%) 8 (29%)
flame 4 (1%) 34 (13%) 10 (36%)

Human classification

okay flame

lokay 422(98%) 10 (36%)
[flame/maybe 10 (2%) 18 (64%)




CTaTUCTUYECKUH NTAPCUHT.
OUIbTP I COLUAIBHBIX CETEU

OribTpanus TEKCTa B COOTBETCTBUHU CO CIIEAYIOIIMMU
IIpaBUJIAMU:

. Ecim B c1oBocodyeTaHUU 3aBHUCUMOE CJIOBO
COJIEP>KUT OCKOPOJIEHHUE, TO €r0 MOKHO yOpaTh.

. Ecimm ockop6aenue comepxutcs B basic pattern, to
HE00X0IMMO yOpaTh BCE MPEIIOKECHUE LIETUKOM.




CTaTUCTUYECKUH NTAPCUHT.
OUIbTP I COLUAIBHBIX CETEU

1. Amamu3 Texcta (¢ momomisro Stanford NLP group
parser). POS-tagging, typed dependency generation,
parse tree.

2. Oopequaenue dependency structure u consistency
structure. Pesynbrat — relations tree (RelTree).
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14
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19
20

input

: a parse tree PTree,
a set of typed dependency relations T Dset

output: a RelTree RelTree

RelTree + PTree;
Remove all word nodes in RelT'ree;
Traverse RelTree in postorder foreach node n
visited do
if n 15 a leaf node then

n.wordset < {n};/*create word nodes*/

end
if n is not a leaf node then

n.wordset < );
foreach direct child node ¢; do
n.wordset < n.wordset U ¢;. wordset;
n.rel « (:
foreach relation Ti(Gi, D;) in T Dset do
if G; € n.wordset and
D; € n.wordset then
n.rel « nrel UT;(G;, D;);
T Dset «+ T Dset — T;(Gi, D;);
end
end

end

end

end

21 Return RelT'ree;
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CTaTUCTUYECKUH NTAPCUHT.

OuIbTP 1A COLUAIBHBIX CETEU

RelTree:
ROOT

{ﬂ:ﬂj‘_ﬂﬂt{?’ﬂﬂ rtin, pig)}

/‘Y\ Clause Level

Errmb_ﬁm%rﬁn,if}} tnsubi(pig, you)}
NP VP NP VP
tcopimartin, is)} Leop(pig, are)}
T Phrase Level
NP NP
{rm{martin, aston)} B __{cf_er(gjg._a}., ﬂmm{]}_jg,w ______
R ==
PRPVBZ NN NN CC PRPVBP DT VBG NN . WordLevel

it s aston martin and you are a crying pig .

e ——— e




CTaTUCTUYECKUH NTAPCUHT.
OUIbTP I COLUAIBHBIX CETEU

3. PazmeTka y3J10B M 3aBUCUMOCTEM.
3a/1aua — MIOMETHUTH y3JIbl, ITOJKEIAIINE YIAICHHIO.
PaccmarpuBaercs 3aBucuMas napa 1T = (G, D). O6o3naunM:

P(G) u C(G) — cOOTBETCTBEHHO CIIOBOCOYETAHHE U IIPOCTOC
IpeaI0KEHNE ¢ TJIaBHBIM ciioBoM G.

Ilpumep:
P(aston) = “aston martin”, C(aston) = “it is aston martin”

H(T) — metka 3aBucumoctu T, H(n) — MeTka y3ma n.




CTaTUCTUYECKUH NTAPCUHT.
OWILTP AJIs COLMATIBHBIX CETEU

H(T) 3aBMcMmocTu

H(P(G)) cop, expl, measure, partmod, poss, possessive, precon;j,
prep/prepc, purpcl, guantmod, rcmod, ref , tmod

H(P(D)) pcomp, pobj, predet

H(C(G)) complm, mark, rel
H(P(G)) OR H(C(D)) xcomp

H(C(G)) OR H(P(D)) xsubj

H(G) OR H(P(D)) nsubj, nsubjpass

H(G) AND H(D) conj, nn, number, dep

H(G) aomp, advcl, advmod, agent, amod, appos, attr, aux, auxpass, cc,
ccomp, det, neg, num, parataxis, punct

H(G) OR H(C(D)) csubj, csubjpass
H(P(G)) OR H(P(D))

abbrev, dobj, infmod, iobj, prt




CTaTUCTUYECKUH NTAPCUHT.
OUIbTP I COLUAIBHBIX CETEU

Bce mucths momedarorces nposepkoit mo badword list.

3areM mpou3BoauTCsA 00xox nepea RelTree B odpaTrHOM
nopsiake (postorder). s kaxporo He JINCTOBOTO y3J1a N:

[IpocMarprBaeM u pa3MeuaeM Bce 3aBUCHMOCTH N.rel.
Ecaun momeuaercs 3aBucumocTts 1 (G,D), To npsmelie
noToMkH N, copepxkamue G u D, Takke moMedaroTcs.

Eciu Bce 3aBucumoctH N.rel okazamuch OTMEUEHEL,
oTMEYaeM y3el N.

Ecin N HE OTMEYEH, TPUMEHAEM JTOTIOJTHUTEILHYIO
OBPUCTUKY.




input : a RelTree RelTree,
a blacklist of offensive words Blacklist,
output: a labeled RelTree LebelRelTree

1 LebelRelTree < RelTree;

2 Label all leaf nodes with offensive words by
“removable” in Label RelTree ;

3 Traverse Label RelT'ree in postorder foreach node
n wvisiled do

4 if n is a leaf node then
5 ignore; /* already labeled */
6 end
7 if n is not a leaf node then
8 if n only has one child node then
9 n.label <+ n.child.label;
10 end
11 if n has more than one child node then
12 Estimate the label for n by its associated
labels, using proposed estimation
function and heuristic rules;
13 end
14 end
15 end

16 Return Label RelT'ree;




CTaTUCTUYECKUH NTAPCUHT.
OubTp 114 COUANBHBIX CETEU

’32
- ROOT shode are
estimated as
bl
.:3-1-: fremovable
{conj_and(martin, pig)}
i@'} qizs Clause Level
{nsubp(martin, it)} {nsubj(pig, vou)}
(3N O e ~ 5
k__INP WS % .’NP YP\_‘J
feop(martin, is)} fcop(pig, are)}] _
P T ‘26 Phrase Level
NP ‘- NP~
fmn{martin, aston)} {def(pig, a), amod(pig, crying)}
{Ej' {_5:*,_"_?-__ f’g‘”m hﬁﬁ— 719_“ 1N~ (23" f’25 f:'a_nj
“PRPVBZ NN NN CC PRPVBP DT VBG NN . ~Word Level
(1) 9 (a3 (e} 83013} (155 {18} *‘201 22y |r24) 129}

—_—

~'is “aston martin’ ~dnd You' -are’ a crving piv




CTaTUCTUYECKUH NTAPCUHT.
OUIbTP I COLUAIBHBIX CETEU

Pe3ynprar

TectoBas BeiOOpKa 13 2063 npeyioKeHUH,
coJiepKalluii 0CKOpOaeHUs (KOMMEHTAPHUH C

YouTube).

Henocrarounas punsrpanus: 2.81%
N30b1TOUHAs punbTpanms: 6.25%
KauectBo: 90.94%

CpenHsst CKOPOCTh 00pa0OTKH KOMMEHTApHS: 48MC




Cmacu0o0 3a BHUMauue!
Bonpocei?




