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Aoknon

21.1. XpnG1LUOTO10VUE TO VELPMOVIKO OIKTVO KLAIOUEVOL TTapaldVpov TG drapavelog 31, yia va
avoyvopiCOLVIE OVOUOTO TPOCMONTMV, OPYUVICUOV Kol Tomobecimv. Xpnowwomotovue 7
eTikeTeG (Katnyopieg) B-1-O, oniaon) BPerson (beginning of person name, m.y. «Anuntplooy
o010 «Anuntprog Iamaddmoviogy), IPerson (inside person name, m.y. «IIoamadomOLAOC» GTO
«Anuntpog  Ilamadomovrocy), BOrganization (mpotn AEEN  OVOUOTOS  OPYOVIGLOV),
[Organization (un apywn AEEN ovouoatog opyavicuov), BLocation, ILocation kot O (other,
AEEM OV dev avNKEL O Koo oo T1g dAdeg katnyopieg). To kvAduevo mapdbvpo kaAvmTer 3
AECELC, TNV TPEYOLCA, TNV TTPOTNYOUUEVT Kot TV emouevn. To péyebog tov AeCthoyiov eivon
V| = 100.000. Kabe évbeon AéEnc (word embedding) eivat éva didvooua 300 d100TACEWMV.
O xouPog “+” ocvvevavel (concatenates) Tig evOEGEIC TV TPLOV AECe®V TOL TTapadvpov. To
KPLQO emimedo amoteleiton amd 500 vevpdvec pe cuvaptnon evepyomoinong tanh. O mivokog

W epiéyet ta Papn TV VELPGOVOVY TOL KPLOOY EMIESOL, evd 0 mivakas W2 ta Bapn tov
VELPOVOV TOV emimédov e€6dov Tloleg eivar ot daotdoelg Tov E,é, w® s w@ g (2).
A1T10A0YN0TE TANPOG TIC ATAVTIGELS GOC.




Katnyoplomoinon AEEEmV e KLAIOUEVO TopABvPOo

: 1-hot dwavdoparta Tov i EvOéceig tov Aéleav LoTi) £€5000¢ (Katnyopio
i Ae€ewv Tov mapadopov i i OV TOPadvPov i i Aé&nc) wg 1-hot Suxvvcua

..= --------------------------------------------- ;;:..u---...-........-.............u....-..-.. --':::::::::::::::::::::::::::::::::::::::::::::::: -------
%:‘-‘ """"""" . :. ----------------------------------------------- : Cross_entropy loss
¥, E L » 75 ; Abporopa 1) cuvevoon i o560y ueyotonoinon i

i Tov evbéosnv Mgy i s av0(pavs1ag

Xi+1— > €i+1 5(1) — tanh(W(l)é) 6(2) — softmaX(W(z)b’(l))



Anavinon: O mivakag E mepigxel (og otnieg) tig evbéoerg tov 100.000 A&Lemv TOL
AeChoyiov. Kabe €vBeon eivar owavvcua (omAn) 300 dwotacemv. Apa 0 E £l O10GTACGELS
300 x 100.000.

To didvoopo € sivar 1 ovvévmon (concatenation) Tpidv evhécemv Aé€emv (Tpéyovaoa,
TPONYOVUEVN, €MOUEVN), KGOe pia amd TG omoieg eivar &va owdvvoua-otnin 300 X 1,
EMOUEVMOC TO € eivar daotdoemy 900 X 1.

O mivaxoc WD gyer drootdoeic 500 X 900, dote o morlamhacioondc WP e va napdayet
owavvoua 500 X 1, To omoio mepiEyet TIG TIHES TV S00 vELPOV®V TOL KPLPOV ETUTEOOV TPV
1 oLVApPTNo™ evepyomoinong fanh. Metd v epapuroyn g tanh, 10 Odvocouo oTO Yivetot
10 0M tov oyAraToc, Snhadh mepiéxet TIC E0S0VC TOV VELPAOVAOVY TOV KPLPOV EMTESOL (LETA
KO TNV EQAPLOYN THS CLVAPTNONG EVEPYOTOINONG GE KABE VELPDOVY), ETOUEVOS Kot To 0
etvar dtwotaocemv 500 X 1.



O mivakog W@ gyer Suaotdosic 7 X 500, dote o morhamhactaonds W25 va napdyet
dvooua 7 X 1, 10 0omoio TEPLEYEL TIC TIUEC TOV 7 VELPOV®OV TOL EMTEOOV 000V TPV TN
GLUVAPTNOT EVEPYOTOINONG soffmax. Metd TNV €QOUPUOYN TG soffmax, TO OAVLCUA OVTO
viveton to 62 Tov oynpoToc, MAadn TEPIEYEL TIC TYEC TMV VELPOV®V Tov emédov ££650v,
ONAaoTn 7 mOBavOTNTEG, Uia Yo KAOE pia duvarty) €TIKETO (KATyopia) TG TPEYOVCUS AEENC.
Emopévag 1o 6 givon Sootdoeov 7 X 1.



Aoknon

22.1. ®€lovue VO YPNCILUOTOUGOVLE TO AVATPOPOJOTOVUEVO VELPOVIKO dikTVo (RNN) TV
orapavel®v 4 kot 4, yio v avayvopilovIE OVOLLOTO TPOCOTMV, OPYUVICU®V Kol TOTODEGLOV.
Xpnoomolovpe eTkeTeg (karnyopiec) B-1-O, onmg oty doxnon 21.1, apa 7 xatnyopiec. To
uéyebog tov Ae€rroyiov etvar |V| = 100.000. Kdbe EvBeon Aeéng (word embedding) sivar Eval
otavvoua 300 ownotdacemv. To kpueo eminedo (n katdotoon tov RNN) amoteieiton amod 500

VELPOVES, ONANON TO Hl- etvoar owavoopa 500 X 1. Iloteg eivonr o1 OOTAGES TOV
E, é;,wm we© W) g - AitioloynoTe TIC OmaVTAGELS GO



S S £, < i Xoot katnyopia

i (m.y. etoipeia, TPOocwNo, |
: tomofecoia, timota) KAt
w©|o; = softmax(W(o)h ) oV ToStvounTy. '
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RNN «EEOITTA® uevo» GTOV xpovo
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AEENC TOV KEWWEVOD

0; = softmax(W(O)l_l)i)



Amavinon: O mivakag E mepigxer (og otmhec) tig evbeoerg tov 100.000 Aecemv TOVL
reShoyiov. Kdbe évBeon A&Eng elvon owdvooua (otnin) 300 dwotdoewmv. Apa o E €xetl
dwaotdoelg 300 x 100.000.

To diavooua €; eivar n évBeon (embedding) g i-omg AEENG TG €16000V (). HL0G
npotaong), dpa eivor dwoctdoemv 300 X 1. To 1010 GLUTEPAGLO TPOKVTTEL KOL OO TNV
TopATAPNOTN OTL 0 TOAMMTAACIAG OGS EX; eMOTPEPEL TNV (-0TN GTHAN TOL Tivoka E .

O mivaxag WM gyer Sootdoeic 500 x 500, evd o mivakag W) éyer Sootdoec 500 X
300, wote T W(h)ﬁi_l kot W©8; va éyovv Tig idiec dootdoetc (500 X 1), vo uropovv va
npoctedody (W Mh;_y + W©E) ko n véa katdotaon h; = tanh(W ®h;_; + W©§E;) va
exel mal owotdoelc 500 X 1, Ommc 1 TPONYOVUEVT] KOTAGTOO ﬁi_l. H tanh epappoletar oe
KAOe 6TOLYEL0 TOV OLVOCUOTOC W(h)ﬁi_l + W©e. yopic va odhalel TiC S100TAGELS TOV.



O mivaxag W@ &yer dwotdoerg 7 x 500, G6Te 0 TOAMATAOGLAGHOC W(O)ﬁi Vo Topayet
owavooua 7 X 1 pe évav mpaypatiko apouo yuo kabe koarnyopia. H softmax otov vroroyiopo

0 = softmax(W(O)Hi) LETATPETEL TOVG APOUOVS AVTOVG O KoTOovoun moavotnrog (pio
mOavoTTA Y10 KABE KaTnyopia), x®pig vo aALACEL TIC OO TAGELS TOV W(O)Ei. Emouévag to
0; €xel Ko avTod drootdoelg 7 X 1.



22.2. Write down the equations for a modified version of the “RNN with deep self-attention”
(slides 16-17), where the uni-directional RNN with GRU cells 1s replaced by a stacked bi-
directional RNN with GRU cells. Use the notation GRU(h,_,, 7;) to denote the new state of a
GRU cell with previous state h;_; and mput ;.

RNN with deep self-attention

k
........... Rsum = E aihy
------------ =1
__________________ Pa—rnn(rejectlc) = o(Wphsum + bp)
+x‘—
al? = RrReLu(W®pn, + M)
- -----------:;.-e-;t'i'o'n """" - - . . B
ﬁz prJobatt)iIity agl ) - RELU(W(I_I)agl 2) i3 b(l—l))
accepiance
% fedlion probability a(l) . W(l)a(l_l) Y b(l)
é Regression t t
%C’ 8 = softmax(agl); a(ll), =T afcl))
(o) > .. By — tanh(Wiss -+ Ulee® hei) L)
X4 X2 x e iy = (1 — Zt) O hi_1+2t® ilt
Hello there relax Zt == J(szt T Uzht—l -+ bz)
re = o(Wrxe+ Urhi_1 + b;)

J. Pavlopoulos, P. Malakasiotis and I. Androutsopoulos,, “Deeper Attention to Abusive User
Content Moderation”, EMNLP 2017, http://nlp.cs.aueb.gr/pubs/emnlp2017.pdf.
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Deep Bidirectional RNNs by Irsoy and Cardie

y : From the slides of R. Socher’s
i course “Deep Learning for NLP”,
i 2015. http://cs224d.stanford.edu/ i
(3)
—-)(I) (i=1) — (i) —=(i) —(i)
f(W h +V hia+b
h(z) (—(l) -1 —(i)«() —(i)
f(W h +V hwm+b )
—(L) «(L)
A ‘ ....g(U[h, she 1+¢)
e o ST il ...::::Z'.::: ................................................
i E.g., probabilities of B, I, O tags i
": -': ; .-" i at t-th word of the sequence.
X ° ° & o s

Each memory layer passes an intermediate sequential
representation to the next.

3 Richard Socher 4/22/15



Answer: At the first layer of the GRU RNN, we have (fort =1, ..., k):
A = GRU (A, x )
hY = GRU (h{},, x;)
H = TSR

where Egl) 1s the 1nitial state of the left-to-right GRU RNN of the first layer, (f_z,(\,i)l 1s the 1nitial

state of the right-to-left GRU RNN of the first layer, *; " denotes concatenation, and x, ..., X
are the word embeddings of the input word sequence.



Similarly, at the m-th layer of the GRU RNN:

A = GRU (R, 1)

Ay = GRU{ g, k)
hgm) _ [hgm); hgm)]

The other equations remain as on slide 17.



22.3. Modity the equations of the neural network of the previous exercise to support multi-
label classification, 1.e., cases where the same text (e.g., tweet) may belong in multiple classes
(labels). Use a separate label-specific self-attention-head for each class, which will produce a
different distribution of attention scores a1, ..., ¢ (Where k 1s again the length of the mput
text, counted mn words) and a different hg,,, . for each class c. Feed the hg,,,, . of each class ¢

to a separate (different per class) dense layer with a sigmoid to produce the probability that
the 1nput text should be assigned class c.



RNN with deep self-attentlon

The attention scores can also be used to
highlight suspicious words!

An LR layer uses the attention-
weighted sum of the RNN states as a

ﬁz Drobability (iR T
eepancet - Each state of the RNN is used as input

orobability :
Logistic F y

Regression . to a self-attention MLP (4 layers, same
. MLP at each time step) that scores the
. importance of the corresponding word.

Attention MLP

The RNN states act as (left-)context sensitive
word embeddings. We use GRUs (128 dims).

. Words are mapped to embeddings (word2vec,
300 dimensions).

J. Pavlopoulos, P. Malakasiotis and 1. Androutsopoulos,, ‘Deeper Attention to Abusive User
Content Moderation”, EMNLP 2017, http://nlp.cs.aueb.gr/pubs/emnlp2017.pdf.
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Answer: Let C be the set of possible classes (labels). We modify the self-attention MLP of
slides 16-17, so that agl) e R, ie, agl) 1s now a vector (not a scalar) containing |C]|
attention scores dy ¢, ..., a|c|+ for word position t, one for each possible class. To achieve this,
we modify the dimensions of W® and b of layer [ of the self-attention MLP, to be |C| x d

and |C|, respectively, where d 1s the dimensionality of the previous layer agl_l).

The softmax of slides 1617 1s now applied /abel-wise, on the attention scores of a particular
class, 1.e., for each possible class c:

ex (a(l)
D, a(l) a(l)) - Plac;
CEt? 61 " ek k (D

ac: = softmax (a
t'=1€xp(a;;,)




We form a separate weighted sum hg,,,, . for each possible class c:

k
M
hsum,c = Z ac,thg )

t=1

where M i1s the number of stacked GRU RNNs of the previous exercise, and we feed each
hgyum, to a separate dense layer W, . (with bias term b, ) per class c, to compute the

probability of the corresponding class:

Pl %, ety ) = U(Wp,chsum,c i bp,c)

The other equations of the neural network remain as in the previous exercise.



