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Aoknon B6.1
v O&éAouue va XpnoiUoTToINOOUNE TO avaTpoeoooToUuEVO VEUPwVIKO dikTuo (RNN) tn¢ diapdveiag 7, yia va avayvwpi{ouue
ovouara mPOCWITWYVY, OPYAVIOUWYV Kal TOTTOBeTIWV. XpnOoIUoTToIoUUE ETIKETES (Katnyopieg) B-1-O, m.x. B-Person yia tnv mpwrn
Aéén ovouaroc mpoowrtrou, I-Person yia 11¢ AAAeg Aééeic ovouarog mpoowrtrou, B-Org, 1-0rg, ..., O yia 6A&¢ Ti¢ UTTOAOITTEC AE€eiG,
Gpa 7 karnyopisg. To uéyeboc rou Aeidoyiou civar |V | = 100.000. KG6s svowuarwon Aéénc (word embedding) civai éva
diavuopa 300 draoraoswv. To kpuo emimedo (n karaoraon Tou RNN) amoreAeitar ammé 500 veupwveg, dnAadn 1o h.eivai
didvuoua 500 x 1. loies eivai o1 diaoTaoeis Twv £, ¢, W™, w® we, g Amodoynore 1ig amavrioeis oag.
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the current word.

K
prs—— 6@
i Wecanthinkof §. ;

e Correct class probabilities for

i the current word (|C|Xx1, 1 hot)

! Predicted probability distribution
i (|C|X1) over the classes (e.g., B-Person, i

i I-Person, B-Location, Other) in Named
i y Entity Recogmtlon
; W(O) as containing E oy { . B :
i class embeddings. | w©|g; = SOftmax(W(o)h )
wh =
i .o'hi - -
e e e e “.'.l- Y hi _ tanh(W (h)hi i+ W( )e )
i State: vector acting as a »,
memory (remembenng & W(e) R PR AT —— '
: things about the words i N ” : The new state (memory) isa i
i of the input seen so far). i = Ex; 1 combination of the previous one
------------------------------------------------ - A 0..’.. s and the new Word embedding. E
E T e [
FRT————— - | s ;
| %ok woetorofilie > % i Embedding of the |
P _owrentword. § L PR



@)

ATtravrnon:

O mivakag £ mepiéxel (ws 0TnAgS) 1ic evowparwoels Twv 100.000 Aééewv Tou
Agéidoyiou. KGBe svowudrwon givai diavuoua (otiAn) 300 diaotdoswv. Apa o £
éxel diaaraoeig 300 x 100.000.

To diavuoua e. eival n evowparwan (embedding) Tng -01N¢ Aé§ng NS €10000U (T1.X.
uia¢ mporacncg), apa ivai diacracewyv 300 x 1. To id1o CUUTTEPACA TTPOKUTTTEI KQl
arro v maparnenon ot o ToAAQIAQoIaoOS £, ETIOTPEQE! TNV -OTr OTNAN TOU
mivaka £.

O mivakac W™ éxer draaraosic 500 x 500, evw o mivakag W © éxer diaoraosic 500
x 300, wore 1a WMk _ ka1 W® ¢ va éxouv rig idieg diaoraoeis (500 x 1), va
utopouv va mpooteouv (W Wa_+W(© é) kai n véa kardotaon k, = tanh(W Wh_+w
)¢ ): va éxer Al diaotdoeis 500 x 1, 6rwg n mponyoUuevn karGgotaon 4. H tanh
epapuoleral oe KGBe atoixeio Tou diaviouaros WMk _+w @ é., ywpis va arrader Tig
OIa0TACEIS TOU.

O mivakag W © éxel diaoraoeis 7 x 500, worte o moAMamAaciaoucs W@k, va
mapayel didvuoua 7 x 1 ue évav mpayuatiko apibud yia kabe karnyopia. H softmax
oTov uttoAoyiouo o, = softmax( W(O)ﬁl. ) LETATPETTEI TOUS apIBUOUC auToUuS O
karavoun mmlavornrac (uia meéavornta yia Kabe karnyopia), xwpic va aAAdler 1ic
diaordoeig Tou W@k Emopévwg To o, éxel Kai auTo d1aoTaoels 7 X 1.



5 Aoknon B6.2.
N 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 bidirectional RNN with GRU cells. Use the notation

GRU(~,_,, z,) to denote the new state of a GRU cell with previous state 4, , and input z,.
k
.......... hsum = Z aihy
.................. =
---------------- Pu-—-RNN(rejeCt C) = U(‘V‘phsum + bp)
g
a = RELUWDh; + D)
............... s )

probability (7,

RELU(W =D g{™2) 4 p(=1))

o acceptance

E probability agl) — LV(l)a}l(fl—l) £l b(l)

: a = softmax(agl); a(ll), sy ag))
.., hy = tanh(Wpzy + Up(r¢ © he—1) + bp)

he = (1—-%)0ha+20 hi
Hello there relax it = U(Il‘fl'{l"t + UZ ht—l =+ bZ)
s = U(I/Vr:l’f + Urhf—l + br)
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ATtravrnon: e 1 hP R e h®
At the first layer of the GRU RNN, we have (forz=1,..., k): x | T
R = GRU (A, x,)
M) e o (1) M|, (1
o {5 R
R = GRU (R}, x.) f l I ]
A = TRO, O 2 A
=R €1 €2 €3 e

where k" is the initial state of the left-to-right GRU RNN of the first layer, &, (" 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:
™ = GRU (K™, ™ 0)
AP GRU (R, R 0)

hgm) bl [ﬁgm); Egm)]

The other equations remain as on slide 17.



Aoknon B6.3

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). Use a separate label-specific
self-attention-head for each class, which will produce a different distribution of attention scores Ay gyeees Ay o (where k
is again the length of the input text, counted in words) and a different R for each class c. Feed the R of each

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

k
.......... hsum == § atht
..... -

......................... Po_rn(reject|c) = o(Wihgum +by)
a” = RELUWDh, +bD)
ey ol = RELUW(Da{™ 4 50-D)
a) = w0V 4
a = softmax(ag), (l),...,ag))
.................. hi = tanh(Wya + Up(re © hy—1) + bp)
.......... hh = 1-2)0ha+%0 hi
Hello there relax i = O-(I/szwt + ljzht—l T b:: )

Ty = 0’(1’V,-1?f + Urhf—l E5 b")
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Atrdvtnon:

Let C be the set of possible classes (labels). We modify the self-attention MLP of slide 20, so that czt(l)
€ R, ie., a’ is now a vector (not a scalar) containing |C | attention scores aqsee gy, forword
position ¢, one for each possible class. To achieve this, we modify the dimensions of W and 4 () of
layer / of the self-attention MLP, to be |C| x & and |C |, respectively, where d is the dimensionality of
the previous layer a"".

The softmax of slide 17 is now applied label-wise, on the attention scores of a particular class, i.e.,
for each possible class c:

0
1®. o® (z)) exp(a,,

a =
(4 s ead ol REGHH Bl o < k D)
t'=1 exp(ac,u)

Aee = softmax(



k
.......... hsum = E aihy
---- t:l

......................... P,_rnx(rejectlc) = o(Wyphgum + by)

alV = RELUWDh, +bD)

™3 rejection ( y 1)
probability (7,
acceptance

= RELU(W U Dg{m? 4 pl-1)

% probability agl) _ W(l)aél—l) 3 pd
: iy = softmax(agl);agl),...,a,(cl))
e, he = tanh(Wyx¢ + Up(r¢ © hy—1) + bp)
......... he = (1—2)0hi1+z0Mh
Hello there relax 2t = U(szt + Uzht_l + bz)

v — J(I/ert T Urht—l + br)
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We form a separate weighted sum %, . for each possible class c:
k

M
hsum,c = z ac,thg )
t=1

where M is the number of stacked GRU RNNs of the previous exercise, and we feed
each i to a separate dense layer Wp . (with bias term bp o) per class ¢, to compute

sum,c

the probability of the corresponding class:

P(c|xy, ., x%) = G(I'Vp,chsum,c + bp,c)

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



5 Aoknon B6.3
< (b) Couldn’t we use a single (shared) self-attention-head (and a single k01-) 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?

k
.......... hsum = § aihy
...... -

....................... Paen(rejectic) = oWyl +1by)
T — o
CEONCL o)
al? = RELUWOh; +bD)
anuw ...----.---;;re-;;;; """" ~ ... 7 _
prjobatt)ility agl S [ RELU(LV(l_l)agl 2 s b(l—l))
acceplance
% Logistic probability al(tl) — I/V-(l)aél—l) + b(l)
_§ Regression
2 a = softmax(agl); agl), slsivg ag))
> - e eesesiss Bt — talll](“1‘7h;13[ -+ Uh(l‘t ® hg_1) - bh)
) >, e = (1—&) ka4 a0k
Hello there relax &t = U(Ilpfza"t + Uzht—l = bz)

P = O‘(M,rl'f + Urht—l + b,-)



Aoknon B6.4
Ektmaideuouue 1O TTAPAKATW VEUPWVIKO LIOVTEAO UNXAVIKNS UETAPPACNC.

Er

liebte

¥ }’ * ST AR :::__:::.__—________________:_—____________:
X T ICT N T | Decoder |

H ft ft tt H FoiEn s SR .

NULL Er

Eorw Vkal V*1a AeéiAdyia tng yAwaoac-mnyng (AyyAika) kai tne yAwoaoag-aroxou (Iepuavika) avrioroixa. Kabe mapadeiyua ekmaideuong givai éva
{euyog amoreAoUpevo amo pia akoAouBia one-hot SIAVUOUATWV: X, XX, ..., x € {0, 1 V1 rrou avrioToiyoUv o€ pia ayyAikn mpéraon (kas didvuoua
deixver o€ mmoia 6éan Tou ayyAikou Ae€ikoU V' Bpioketal n avrioToixn Aé€n) kai pia akoAoubia one-hot SIavUOUATWV: ..V, Yy ..., ¥, € {0, 1}V mou
avTiIaToIXOUV O UId YEPUAVIKN TTPOTACN TTOU gival N owaTr (gold) perappaacn tng ayyAikng (kaBe didvuoua deixvel o€ moia 6éon Tou yepuavikoU Aéikou
V “ Bpiokerar n avrioroixn Aéén). Eotw £ € RAE X1V kay £ € R¥© X1Vl o) mmivakes pe ta word embeddings (1o kabéva 4 © diaordoewv) rwv duo
yAwoowv avrioroixa. O1 TapakdTtw TUTTOI TTEPIYPAPOUV avaAuTIKG Tn AsiIToupyia Tou HovréAou Kai Tov UtToAoyioud Tou opdaAuarog (1) yia éva
TapPAdeIyua EKTTAIOEUTNS. ZUUTTANPWOTE Ta KEVE (01N AUan éxouv ouuTTAnPwWOEi e KOkkiIvo). O auuBoAioguds [. . . ;... ] mapiordver ocuvévwaon
(concatenation). Ta fkai g TTAPICTAVOUV CUVAPTHOEIS EVEPYOTTOINONG.
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Kwdikorromntns: (1 € {1, 2, 3,...,n})

e = Ex € Rd(e)

h; = LSTM(R;_,, ¢; ) € RZ™ he € R4®

h; = LSTM(hi1y, ;) € R hpyy € RA®

he = [fs ] € RZA®

Amokwdikorrointng: (i € {1,2,3,...,n},;€{1,2,3,...,m})

t;=E'y; € R (To embedding g c®OTS Yepavikng AEEng otn B€on J.)

zj = LSTM(z;_1, [tj_1; ¢;]) € RE® 7o € R2®, ¢, € R4

~

aj= vT . f(W(a)hi 2 U(a)Zj_1 a b(a)) €ER w@ e Rd(Z)XZ'd(h)
U(a) = Rd(z)xd(z)
-~ b(a) € Rd(Z), JiE Rd(Z)
_exp(di;)
Xirexp(ayr )

ai’j



\';/ Amokwodikorrointnig: (i € {1,2,3,...,n},;€{1,2,3,...,m})

G =W gEia;jh; +b©) € RY w© e ga©@x2zd®
p© e g™

5 =Wz +b©@ e RIV'I w© e RIV'1xa®
p©@ e RIV'I

exp(0j k)

v’ =
le:l exp(0jk)

Ojk = (IT6c0 mBavo Bewpel TO LOVTELO 1) k-0T1) AEEN TOL YEPUAVIKOD

Ae&rhoyiov va etval 1) 6mOTY Yo TV j-6T1 B€0T TG LETAPPAONG.)

7; = argmax; yj, (Zoupova pe 1o 1-hot y;, n cwot Aédn oty j-0Th 660M g

netdppaong Ppioketor o 0&om 75 Tov Yeppavikov Aeroyiov.)

L=-%jlog 0jr; (EAayiotomoidvtog to L, peytotomotovpe TNy mbavommra mov divel

TO HOVTELO OTIG OMOTEG AEEELS, O OAeG TG BETELG TG LETAPPAONG.)



Aoknoeig peAetng B10



Aoknon B10.1
OéAoupe va BeAtiwoouue 10 ovréAo kwoikotroinTh-ammokwadikorroint) RNN Twv diagaveiwv
13—17 (Chatbots Baoiouéva o€ veupwvVviKa dikTua), waTte va xpnoiuorroiei LSTM dirAng

KareuBbuvaong oTov KwWOIKOTToINTH, KABWC Kal évav unxaviouo mmpoooxis, OTTwS OThV AOKNon
UEAETNC 4 TG evornTac B6. EEnynote avaAutika 11 6a dAAale oro didypauua Kai Toug TUTTouS 1NS

AUong ekeivng TN AOKNONG UEAETNG.
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_________________________________________________

EOS Rob in Rob england Rob
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‘Eoto V 1o Ae€hdyro g yAdoacag tov chatbot (Ayylkd) kot L n AMlota TV GUVOUIANTOV TOL

0éhovpe va umopel vo pupnOet to chatbot (m.y. Rob 712). Kdébe mapdoctypo exmoaidevong
etvan éva Cevyog amoteAoVevo amd o akoAovdio one-hot dtavocudtov:

il By, € 0, TRV

OV QVTIOTOYOVV GE o oyyMKT mpoOTacT mov LmoPdAiel o ypnotng oto chatbot (kdbe
oldvovcpa oetyvel oe mota BEom Tov ayylkov AeEthoyiov V Bpicketal n avtictoymn AEEN) Kot
o akorovBio one-hot dlovuoUATOV:

Y1 Y2 V3 s Ym € {0, 3V
TOV OVTIGTOYOVV GE 10 EMIONC ayyAKN TpoTae™ 1 omoia eivar 1 cwot (gold) andkpion tov

chatbot (kdOe didvvouo dciyvel oe mow Oéomn tov ayyMkov AeCihoyiov V Ppioketor 1
avtiotoym AEEN).
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KdOe mapdoctypa eknaidcvong mepriapupaver exiong €vo one-hot d10vuGua U, TOL SELYVEL OC
010G GLVOLLANTNG TPEMEL va amavTioel To chatbot (to u deiyvel oe mowa OEon ¢ Alotog TV
GLVOUIANTAOV L BpioKeTol 0 GUYKEKPILEVOS GUVOLIANTNG TOV 0moio Bélovue va punbel to
chatbot):

u € {0, 1}t

Eoto E € RE“XIVI o rivaxag pe to word embeddings (1o xo0évo d(© Swctdocmv) e
ayyMKN ¢ yAdooog. Eniong, éoto S € RAGXIL] nivakag pe to speaker embeddings (to
kadéva d) Sacthoenv).

Ot mopakdT® TOHTOL TEPLYPAPOVYV AVAAVTIKA TN AELTOVPYIO TOV LOVTELOV KOl TOV VTOAOYIGUO
00 oQdApatog (L) yia éva mapdoetypo ekmaidevong. O cvoppoiiondg [...;...] mapiotdvel
oLVEVmoT (concatenation). Ta f Kol g TOPIGTAVOLY GLVOPTIGELS EVEPYOTTOINGTC.
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Koodwomommig: (i € {1,2,3,...,n})

- a®
e = Exi € R
h; = LSTM(h;_y, €; ) € RE” hy € RY"
h; = LSTM(hy,q, ¢; ) € RZ™ ho,iq € R
hi = [I_{i;ﬁi] € ]Rz'd(h)

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

ti=Ey; € R (To embedding t¢ cwotg AEENG €660V 611 O€om J.)
s = Su € R4¥ (To embedding oV GuvopANTH-GTOX0V.)

— s a® d® a©
zj = LSTM(zj—, [tj-1;¢55s]) € R zo €ERY” tH eR
Gij=v" - fWOh +UDz_; +b@) e R w@ g ga®xza®

U(a) c ]Rd(z)xd(z)
b@ e R? p € RE?
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exp(a ;, j)

a. A —
“ Xgexp(@ pig)
Cj = W(C) . g(Ziailjhi + b(C)) € ]Rd(e) W(C) € Rd(e)xz-d(h)
b© e R#4®
5; = Wz + b € R w© e Rlvixa®
b(o) € ]R|V|
_ exp(Gjk) , , : . oy ,
Ojk = =] - (IT6co mBavo Bewpel 10 LovtéELO M k-oT1) AEEN TOV Ay YAIKOV
Zkl_:l exp(oj'k’)
Ae€hoyiov va etval n oot Yo TV j-o11| 0€on ¢ amdKpiong.)
r; = argmax; y;, (Zopeova pe to 1-hot y;, N oot AN oty j-0T1) OEom NG
amavtnong Ppicketor ot O€on 17 Tov ayyAkov Aegihoyiov.)
L=-%;log ), (Erayiotomoiwvtog 1o L, HeYloTomolove Ty mbovotnta mov oivel

TO LOVTELO GTIC GMOTEG AEEELS, € OAeC TIC BEGELC TNG amAvTnoNG.)



