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15.1. ®éhovpe v YPNCLOTOWGOVUE TO OVOTPOPOSOTOVUEVO VELPOVIKO dikTvo (RNN) tv
Sloeaveldv 4 kot 5, Yo va oavoyvepilovpe OVOLOTO TPOCHTWOV, OPYOVICUMV Kol TOTODEGLDV.
Xpnowonotovpe etikéteg (katnyopieg) B-1-0, onmg oty doknon 14.1, dpa 7 xatnyopieg
(01 tpeig). To péyeBog tov Ae€hoyiov eivon |V| = 100.000. Kabe évbeon Aééng (word
embedding) sivon éva divoopa 300 dwactdoemv. To kpueod eminedo (1 katdotoon Tov RNN)

aroteleitor amd 500 vevpmveg, OMAadn TO ﬁi givor dtdvoopo 500 X 1. Tloweg givan ot
dootdoeic tov E, €;, wm we© we g, . A1TIOAOYNOTE TIG AMOVINGELG GOG,

Amdvmon: O wivaxag E mepiéyel (og omieg) T evbéoelg tov 100.000 AéEewv Ttov
re&hoylov. Kdbe évBeon AéEng eivar dudvoopo (otAn) 300 dwctdoemv. Apa o E €yel
dwaotdoelg 300 x 100.000.

To &vvouo €; eivar m évleon (embedding) g i-otig AéEng g €16680v (T, g
TpoToo”ng), dpa givar dactdoemv 300 X 1. To 1010 GLUTEPAGHO TPOKVTTEL KOl OO TNV
napothpnon Ot 0 ToAamAaclocudg EX; emotpépet TV i-6TH 6TAAN 0L Ttivaka E.

O mivokag w &xel dwotaoelg 500 X 500, eved o mivakog w e éxel dnotaoelg 500 X
300, dote to. WM Hi—1 kot W®¢; va €yovv T1g 101eg dnotdoelg (500 X 1), vo pmwopodv 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 KOTAGTOGN ﬁi_l. H tanh epoppoletor og
K60e oTO1YNEL0 TOV SLOVOGUATOG W(h)ﬁi_l + W ©8,, yopic vo adlalel TIC S106TAGE TOV.

O mivakag W@ gyet dootdoeg 7 X 500, Gote 0 TOMATAACIAGHOS W(O)ﬁi Vo Tapayet
dtdvoopa 7 X 1 pe évav mpayuatikod appo yo kabe katnyopia. H softmax otov vroloyiopd

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

mBavotra Yo kdbe Katnyopia), xopig vo aALALEL TIC SIOCTACELS TOV W(")ﬁi. Emopévog to
0; el kar owtod Sraocthoeg 7 X 1.

15.2. (o) Zt0 veELPOVIKO JiKTLO TOV

dpaveidy 1820 («RNN with deep self- RNN with deep self-attention
attention»), ot kataetdeerg hy, hy, ..., by oo s, = >l
RNN givon Savoopota 128 dwestassov (n e o) = oW+ by)

k@0 pia). Ta kpo@a enineda (1), ..., (I — 1)
tov Attention MLP éyouv 64 vevpaveg to
kaBéva Kot o1 €£0001 TMV KPLE®V EMTEIDV
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GUOVTONU TG UTTAVTNGELS GOUG.
Awotasaic tov WD, W@ WO o extioréynon:

Amdvmon: O mivakag W Qo éyer dwotdoeic 64 X 128, dote va petatpénst 10 kdbe
dtvoope hq, hy, ..., by (tic xotootdoelg tov RNN), mov €yovv dwnotdoelg 128 X 1 1o

)

20



kaBéva, oe davdouato 64 X 1, dNlodn oe JvdouaTe UHE TOGEC GLVIGTOGCEG OGOl Ol
vevpmveg Tov emmédov (1) tov MLP. To kdbe mopayouevo didvocua 64 X 1 givor n €€0dog
agl) (vt =1, ..., k) Tov emméoov (1) tov MLP, 6tav to MLP gpoppoleton oty avtictoynm
katdotaon hy Tov RNN.

Ov mivakeg W), ..., W=D 9o éyouv Sactdoelg 64 X 64, GOTE VO PETOTPETOLY TOL
Srovdopato Stoctdoenv 64 X 1 mov mapayet o W g Sroavdopato mdh 64 X 1, dniadi oe
dtovdopaTo e TOoEG d10oTACEL; OGOL Ol VEVPMVES TOV EMTES®V (2), ..., ([ — 1) Tov MLP. To
Kkd0e mapayopevo diavocpo 64 X 1 etvon 1 €£0d0g agz), ...,agl_l) Tov emmédov (2), ..., (I—

1), avtictoyya, tov MLP.

O mivaxag WO 0o éyet Saotdoeic 1 X 64 (Snhody Ha ivor va SEvocpa-ypapLin), GGTE Vo

HeTATPEMEL To KGBe divoopa 64 X 1 mov mapdyst o WD oe évav mpaypoticd opdud

(ex@uMopévo o1 1 ; ; : () 0]
euMouévo Sidvucpa 1 X 1), dniadn vo mapdyel TOVG TPOyHATIKOVG aplOpods a,”, ..., a,

g Sapdvetag 20.
Awetaseig tov b, b@), . b® ko avtioréynon:

Anavon: To b Qo ivon éva Sidvoopa 64 X 1, dote va npootifetar 610 Sidvuopa 64 X 1
mov Tapdyetl o morkomhactoouds WD h, (yio t = 1, ..., k) kot va mapdyst 10 diévuopa agl),
nov etvan eniong dwotdoemv 64 X 1. (Kabe cuvaptnon evepyomoinong, edd n ReLU, dev
oAAGCEL TI O10GTAGELG TOV JVOGUOTOG GTO 0Toi0 ePapuoleTal, amAd epapuoletal oe KGO

oTolyeio Tov d1VOCUATOG.)

Opoing ta b@, ..., b1 0a givar To Kabéva Eva Sivoopa 64 X 1, Gote va mpocTifetal 6To

dtvoope 64 X 1 mov mapdyel 0 TOAAATAOCIAGLOG W(Z)agl), ...,W(l'l)agl_z) avticTo o

_ K . , 2) (-1 . ,
(yw t =1,...,k) kot vo mopdyovrar to Swavdopota a,”, ..., a, ’, oviictoro, mov eivor

emiong dotdoenv 64 X 1 1o Kabéva.

To b® Ba sivon évog mpoypatikdg opBuodc (skpuiiopévo didvoopo 1 X 1), dote va

TPOCTIOETOL GTOV TPAYLOTIKO OPlOUO OV TOPAYEL O TOALOTAAGIOGHOG W(l)agl_l) (v t =

1, ..., k) xot va mapdyovion ot Tporypoticol apifpol af), s a,(cl) g Sapdvetog 20.

(B) ®é\ovpe va YpNOLOTOICOVLE TO VEVP®VIKO dikTLO TOV dlapaveldv 18-20, Topa yia va
Katatd&ovpe tweets (TOV ovaeEPOVTOL GE €va TPOIOV) OTIC KaTnyopisg €1 (OeTki yvoun),
¢, (apynTucn yvopun), ¢z (ovdétepn yvoun), ¢4 (0t kot apvntiky yvopn poli). Kade
tweet 0o katotdooetal o€ okplfog pio  Kotnyopic.  AvTikaOietovpe TOV  TUMTO
P,_rnn(reject|c) = O'(thsum + bp) LE TOV TUPAKAT® TOTO 7oL o TPEMEL vo TaparysL
(o70 apioTePd Tov PEPOC) Eva. ddvuopa p € R*, 1o onoio Oa mepiéyet Tic mOavoTNTES (KOTA
TO vEVP®VIKO OIKTVLO) TO EloEPYONEVO tweet va aviikel o€ KGOe pio amd TG TéooEPIS
Kotnyopiss. Xopainpoote 10 0ei pépog 10V THTOL, AVAPEPOVTUS TIG OLUCTACELS KAOE
TivOKe Kol owovocspotog mov o eppaviletor oto 0e&i HEPOC TOL TUTOV. ALTIOAOYNGTE
GOVTONO TNV UTAVINGI] GOC.

Néog Tomoc;

Amndvtnon:

O véog tomog Ba ivat o axdAlovhog.



p = softmax(Wyhgm + by)

O mivaxog W, Oa £xel doothoeig 4 X 128, dote va petatpinel 10 S1voopo. Reyy, (to omoio

éxel dwaotdoelg 128 X 1, agov eivar dfpoicpa tov katactdoemv tov RNN) ce didvocua
TEGGAP®V TPAYUOTIKOV aplOI®V, TOVG 0Toiovg KATOTY 1) softmax HeTOTPENEL GE KOTAVOUN
mBavotrag (téooepig apifpovg, tov kabéva petald 0 ko 1, pe abpooua 1).

To b, ba eivar dwvoopa 4 X 1, dote va tpoctibetor 610 davocpa 4 X 1 wov mapdyetl o
moloamAactociog Wy hgym .

15.3. 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 (for t = 1, ..., k):

Y = GRU (A, x, )

t+1’

Y = GRU (R, %)
B = RO, RO

where h( ) is the initial state of the left-to- right GRU RNN of the first layer, hfc +1 18 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-17
™ = GRU (R(T), n" V)
A = TR, )
The other equations remain as on slide 20.

15.4. 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, ..., a. x (Where k is again the length of
the input text, counted in words) and a different hgy,, . for each class c. Feed the hgyy, 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
slides 18-20, so that agl) € R ie., agl) is now a vector (not a scalar) containing |C|
attention scores @y ¢, ..., c|,c for word position ¢, 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 is the dimensionality of the previous layer agl_l).

The softmax of slides 18-20 is now applied label-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 0 )

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
hsym, to a separate dense layer (a transposed vector really, why?) W, . with bias term by,

per class ¢, to compute the probability of the corresponding class:
P(clxy, oo, ) = oWy chym,c + by c)
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?



