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Awdokwv: 1. Avdpovtodmoviog

Aoknoelg pEAETIG TG evoTNTOG B6 (emelepyncia Quokig YADGGAS HE
OVOTPOPOOOTOVIEVU VEVPOVIKE OTKTVO)

1. ®élovpe va YPTOCUYLOTOUGOVUE TO OVATPOPOSOTOVUEVO VELPmVIKO Olktvo (RNN) 1rng
Seavelag 7, v vo avayvopilovpe ovOaTo TPOCHOT®MY, OPYOVICUOV Kol TOTODECLDV.
Xpnowonotovue etikéteg (karnyopieg) B-1-O, m.y. B-Person yio v npotn A&EN ovopatog
npoocmnov, I-Person yia t1g dAleg AéEeic ovopatog mpocwnov, B-Org, 1-Org, ..., O yio 6heg
T1g vohowmeg Aé€eig, dpa 7 katnyopiec. To uéyebog tov Ae&hoyiov eivon [V| = 100.000.
Kébe evowpdrwon Aéénc (word embedding) etvon €va diévuopa 300 dwaotdoswv. To kpued
eminedo (N kardotaon tov RNN) amoteleitor omd 500 vevpdveg, dniadn Tto ﬁi glvan
diavoopa 500 x 1. Tloweg eivar ot Swaotdoelc tav E, &, WM, w® w© G, . Awmoroyiote
TG OTOVTGELS GOC.

Amdvmon: O mivakag E mepiéyel (mg otqreg) Tig evompatooelg tov 100.000 AéEemv tov
re&ihoylov. Kabe evompdtoon eivor didvooua (otin) 300 dwotdoewv. Apa o E €yel
dwaotaoelg 300 x 100.000.

To dibvvouoa €; givor 1 evooudtoon (embedding) g i-otig AEENG TG £16080V (T.y. Hag
TpoToo”ng), dpa givar dactdoemv 300 X 1. To 1010 GLUTEPAGHO TPOKVTTEL KOl OO TNV
napothpnon 0t 0 ToAamAaclocudg EX; emotpépet TV i-6TH oThAN Tov Ttivaka E.

O mivokag w &xel dwotaoelg 500 X 500, eved o mivaxog w e éxel dnotaoelg 500 X
300, dote o WM Hi—1 kot W®¢; va €yovv T1g 101eg dnotdoelg (500 X 1), vo pmwopolv va
npoctehov (W(h)ﬁi_l + W®©g;) kau n véo katdoToon ﬁi = tanh(W(h)ﬁi_l + W(e)éi) va
&xel TaAL dlaotdoelg 500 X 1, OT®G 1 TPONYOVLEVT KOTAGTOON ﬁi_l. H tanh gpoppoletot og
K60e oTO1YNEL0 TOV SLOVOGUATOG W(h)ﬁi_l + W©8,, yopic vo adlilel TIC S106TAGE TOV.

O mivakag W@ gyer dootdoeg 7 X 500, Gote 0 TOMATAACIACHOS W(O)ﬁi Vo Tapayet
dtdvoope 7 X 1 pe évav mpaypatikod appod yio kabe katnyopia. H softmax otov vroloyiopd

0; = softmax(W(")ﬁi) UETATPENEL TOVG OPlOROVg awTovg oe Katavoun mhavotnrag (pio

mBavotra Yo kébe Katnyopia), yopig va aALAlel TIC SIOOTACELS TOV W(")ﬁi. Emopévog to
0; &xel kar owtod Sraothoeg 7 X 1.

2. Write down the equations for a modified version of the “RNN with deep self-attention”
(slides 18-20), where the uni-directional RNN with GRU cells is replaced by a stacked bi-
directional RNN with GRU cells. Use the notation GRU(h;_4, ;) to denote the new state of a
GRU cell with previous state h;_; and input 7.

Answer: At the first layer of the GRU RNN, we have (fort = 1, ..., k):
Y = GRU (A, x, )
Y = GRU (R, %)

1 (1), <1
= TR



where H(()l) is the initial state of the left-to-right GRU RNN of the first layer, ;l—&)l is the initial
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:

R™ = GRU (R, A Y)

t—-1’

t+1’

™ = GRU (R, A Y)
hgm) — [hgm); hgm)]

The other equations remain as on slide 20.

3. (a) Modify the equations of the neural network of the previous exercise to support multi-
label classification, i.e., cases where the same text (e.g., tweet) may belong in multiple classes
(labels). As a twist, use a separate label-specific self-attention-head for each class, which will
produce a different distribution of attention scores ac 1, ..., ac x (Where k is again the length of
the input text, counted in words) and a different hgy,, . for each class c. Feed the hgy, o of
each class ¢ to a separate (different per class) dense layer with a sigmoid to produce the
probability that the input text should be assigned class c.

Answer: Let C be the set of possible classes (labels). We modify the self-attention MLP of
slide 20, so that agl) e R, ie., agl) is now a vector (not a scalar) containing |C| attention
scores dy ¢, ..., @|c|¢ for word position t, one for each possible class. To achieve this, we
modify the dimensions of W) and b® of layer [ (the last layer) of the self-attention MLP, to

be |C| X d and |C]|, respectively, where d is the dimensionality of the previous layer agl_l).

The softmax of slide 20 is now applied /abel-wise, on the attention scores of a particular class,
i.e., for each possible class c:

ex (a(l)
o, oY _ pldc,
ct’ ac,l' e ac,k k

=1 €xp(a

ace = softmax (a o) )

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

k
M
hsum,c = 2 ac,thg )

t=1

where M is the number of stacked GRU RNNs of the previous exercise, and we feed each
hsum, to a separate dense layer W, . (with bias term b, .) per class ¢, to compute the
probability of the corresponding class:

P(Clxlr ---'xk) = O-(Wp,chsum,c + bp,c)

If heym, € R%, then Wy, € R**% and b, € R. The other equations of the neural network
remain as in the previous exercise.



(b) Couldn’t we use a single (shared) self-attention-head (and a single hg,,,) for all the
classes? What would change in that case in the equations above? What is the advantage of
using a separate label-specific self-attention-head for each class?

4. Exmonde0ov e TO TopakiT® VEVPOVIKO HOVTELO UNYOVIKNG LETAPPACT|S.
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Image from Stephen Merity’s http://smerity.com/articles/2016/google nmt arch.html

‘Eoto V wou V' 100 AeEhdyio ¢ yAdooac-tnyng (AyyMkd) Kot g yA®Goac-6Ttdyov
(Teppavikd) avtiotoryo. Kabe mopaderypo exmaidevong gival €va (g0y0g amoTteAOVUEVO OO
po akolovBio one-hot davocudtov:

X1, X3, X3, e, Xy, € {0, 1}V

OV AVTIGTOYOVV GE Ui ayYAKT TpoTacT (kdbe didvuoua deiyvel g oo BEom Tov ayyAtkov
Ae&hoyiov V Bpioketal n avtiotoryn AEEN) ko po akoAovBio one-hot dtavuoudTmv:

V1,Y2, Y3 = YVm € {0, 1}|V !
OV OVTIOTOL(OUV OE Uid YEPUOVIKN TpdTacn mov eivor 1 cwot (gold) petdopaon g

ayyMkng (kébe didvoopa deiyver oe mowo. Béom Tov yeppavikoh Ae&wov V' Bpioketon n
avtioToyyn AEEN).

. Q) ©@xv’ ; . .
Eotw E € R* 7Vl xou E' € RE7XIV'T o1 mivaxeg pe ta word embeddings (to kabéva d(©
d0oTACEMV) TV 000 YAMCCHOV AVTIGTOLYO.

Ot TapaKATm TOTOL TEPLYPAPOVY OVOAVTIKA T1 AEITOLPYIO TOL HOVTEAOL Kol TOV DTOAOYIGUO
Tov opdipatog (L) yuo éva mapddetypo ekmaidevons. ToumAnpMOoTE T0 Kevd (ot Avon
&ovv copmipoBei pe kokkwvo). O ocvpPoloudc [...;...] moplotdvel cuvévoon
(concatenation). Ta f ko1 g TOPIGTAVOVY GUVAPTNGELG EVEPYOTOINGNG,.

Kodwomommig: (i € {1,2,3,...,n})
e = Exl- € Rd(e)

Ry = LSTM(h;_y, ¢; ) € R4™ hy € RA™



hy = LSTM(hy,1, ;) € RE® hpy, € REP
hi = [Hi;(h—i] € Rz.d(h)

Anoxkodwomomtig: (i € {1,2,3,...,n}, j € {1,2,3,...,m})

(e)

ti=E'y; € R% (To embedding tng cwotig yepuavikng AéEng otn Béon J.)
— a® a@ a@®
z; = LSTM(zj_1, [tj—1;¢]) € R Zo €ERY7 tH €R
@ij=v" fW@Oh +UDz_ +b@)eR w@ g ga“xza®
U(a) € Rd(z)xd(z)
b@ e R,y e RA”
exp(a ;)

a = ———->2"—
Mo Yoexp(@y)

G =WO . g(Tiayh; +b©) € RY® w© g Ra‘“xzd®
p© ¢ g™

5= W@z + p© vl w© e RV Ixa®
0, =Wz +b' €eR
p© e RrIV'l
Ojx = W,el)(p& (IT6c0 mBavo Bewpel T0 pOVTELO 1) k-0T1 AEEN TOL YEPUAVLKOD

Zk’:l eXp(éj'kr)
Ae&hoyiov va etvan 6T Yo TNV j-0TH B€0M TG pETAPpOOoNC.)

T, = argmax; yj; (ZOpeova pe to 1-hot y;, n cwoth AEEN oty j-oth Bom g
uethppaong Ppicketar 6t H€on 77 Tov Yepuavikod Aegihoyiov.)

L=-%log Ojr; (EAayiotonowmvrag 1o L, peylotonotobue v mhovotnta wov divel
TO LOVTEAO OTIG 0MOTEG AEEELC, o€ OAEG TIC BETELG TG LETAPPOAONC.)



