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Aoknoeig perétg g evotntog B8 (emefepyacia puoknig yhwoosag pe CNNs)

1. I'payte (0nwg otg dwpdveleg 10-14) 1ig eiomoeic tov CNN g dwpdvelng 9.
[Ipocdiopiote emiong TIg S10GTAGELG OOV TOV EUTAEKOUEVAOV TIVAK®V Kol S10VUCUATOV.

Amdvmnon: The dimensionality of the word embeddings is d = 5. We can think of the two
bigram filters as a matrix W®) € R?*24 = R?*10 and a bias terms vector h? = R?
(similarly to slide 12, where we have three bigram filters). Similarly, we can think of the two
trigram filters as a matrix W) € R?*3¢ = R?*15 and a bias terms vector b®®> = R?; and the
two 4-gram filters as a matrix W*) € R?*44 = R2X20 an(d a bias terms vector b = R2.

The embeddings of each bigram of the input text can be thought of as a vector x(?) € R?¢,
Applying the two bigram filters to the i-th bigram xl.(z)of the input text produces:

h? = ReLlU (W®x® +p®) eR2,  i=1,..,6

where we assumed that we use ‘narrow convolutions’, i.e., that the filters do not move out of
the words of the input text (to partially overlap with padding tokens).

Max-pooling over h(z), s hgz) produces a vector:
h®) = (max hl(zl) , max h§22)>T € R?
l ! L !

Similarly, applying the two trigram filters to the i-th trigram xi(3) € R34 of the input text and
the two 4-gram filters to the i-th 4-gram xi(4) € R*? produces:

h® = ReLU (WP +p®) e R, i=1,..,5
h® =ReLU (W@Ox® +p®) eR2,  i=1,..,4
Max-pooling over hf'), . h?) and over h§4), ) hf;l) produces:
h®) = (max hﬁ) , max hg))T € R?
l ! L !
h® = (max hgﬁ) , max hg‘;))T € R?
l ! L !
The feature vector of the input text is the concatenation h = [h(z); h(3); h(4)]T € R®.
We pass on h to a classifier, e.g., a logistic regression layer, i.e., a dense layer W) € RI¢I*¢
with a bias vector (") € RI¢l and a softmax activation function, to obtain a probability

distribution 6 over the classes ¢y, ..., ¢¢| € C:

6 = (P(cy), ..., P(c)c)))T = softmax(W P h + b))



2. Consider the following LSTM-based machine translation model (see also exercise 4 of
section B6).
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He loved to eat

Image from Stephen Merity’s http://smerity.com/articles/2016/google nmt arch.html

We wish to replace the BILSTM encoder of the model above by the stacked CNN-based
encoder with trigram filters illustrated below, retaining the encoder-decoder attention and the
LSTM decoder of the original model.

Stacked CNN encoder
pad p® pP pY AP AP P R pad
pad p® AP nY R R nD P Pad
pad p®@ p@ p® @ @ @ @ pad | 2 conv. layer (dVfilters)
pad e, e, e e e . ey, e, pad i d®-dim wordembeddings i

Let V, V' be the vocabularies of the source language (English) and target language (German),
respectively. Each training instance is a pair consisting of (i) a sequence of one-hot vectors:

X1, X3, X3, e, Xy, € {0, 1}V

corresponding to an English sentence (each vector shows the position of the corresponding
word in V) and (ii) a sequence of one-hot vectors:

V1,Y2,¥V3r s Ym € {0, 1}|V’|

corresponding to a German sentence that is the correct (gold) translation of the English one
(each vector shows the position of the corresponding word in V'). For simplicity, we assume
all the English sentences are n words long, and all the German sentences are m words long.

Let E € RY“XVI and E' € RY“XIV'I contain the word embeddings of the source and target
language, respectively. Notice that word embeddings have d(®) dimensions in both languages,
and that all the convolution layers of the CNN encoder also use d(® filters.



The following formulae describe how the new model works and how the loss (L) is computed,
given a training instance. Fill in the blanks (they have been filled in in red in the solution).
The notation [...;...] denotes concatenation and f, g denote activation functions.

Encoder: (i € {1,2,3,...,n}, L € {2,3,4})
e, = Ex; € R4 (To embedding tng cmatng ayyAkng AéEng otn Béon i.)
(Assume that ey = e, 11 is always an all-zeros embedding of the padding token.)

th) = ReLUWD[e;_y;e5€:41] +bD) + ¢ € R
W(l) c Rd(e)x}d(e)
p® g R4

o _ ) [[-D). =D, p-1) z (-1 ¢ Ra®
h;” = ReLU (WU) [hi_l shy ihi ]+b()) +h "V ER
W) g R4“xsal®

p) e R4
Decoder: (i € {1,2,3,...,n}, j € {1,2,3,...,m})
ti=E'y; € R4 (To embedding tng cwotig yepuavikng AéEng otn Béon J.)
a® a® a®
z; = LSTM(zj_1, [tj—1;¢]) € R Zo €ERY tH R
@iy =v" fW® [z, ] +b@) e R w@ g ga@x2d®
p@ e RI', p e RE“
- exp(@y)
Mo Yoexp(@y)
¢ = g(Tia,;hY +b©) e RE b© e R4
8 = W@z +p©@ e RIV'I w© e RrIV'Ixa®
p© e RIV'l
Ojx = l;,)lip& (IT6co mBavo Bewpel T0 pOVTELO 1) k-0T1 AEEN TOL YEPUAVIKOD

k=1€XP(0j k)
Ae&hoyiov va etvar 6T Yo TNV j-0TH B€0m TG pETAPpaoNC.)

T, = argmax; yj; (Zoppova pe to 1-hot y;, n cwoth AEEN oty j-oth Bom g
uetdppaong Ppicketar 6t O€on 17 Tov Yepuavikod Aegihoyiov.)

L=-%log Ojr; (EAayiotomowmvrag 1o L, peylotonotobe v Thovotnta wov divel
TO LOVTEAO OTIG 0MOTEG AEEELC, o€ OAEG TIG BETELG TG LETAPPOAONC.)



