Exercises on Neural Networks for Natural Language Processing
lon Androutsopoulos, 2017-18

Submit as a group of 3-4 members a report for exercise 10 (max. 5 pages, PDF format).
Include in your report all the required information, especially experimental results. Do
not include code in the report, but include a link to a shared folder or repository (e.g. in
Dropbox, GitHub, Bitbucket) containing your code.

1. Show that a Perceptron (single neuron) with (i) a sign activation function or (ii) a sigmoid
activation function is a linear separator. (iii) Show that a two-level network of Perceptrons
(like the one we used to implement the XOR gate) can learn any logical function. Hint: at the
first level, use an AND gate for each row of the logical function’s truth table; at the second
level, use an OR gate. (iv) Consider a training dataset for binary classification (classes: true,
false) and Boolean features. Explain why a two-level Perceptron network, like the one of the
previous question, with one first-level gate per training instance can learn the training dataset
perfectly, but may not perform well on fresh test data.

2. (i) We wish to train a (single) Perceptron to separate 1S
the instances of the two classes (black and white dots,
inside and outside of a circle) of the figure on the right.
There are only two (real-valued) features, corresponding
to the two axes. Explain why the Perceptron cannot learn = o
to correctly separate the two classes using the current
two features.

Answer: The Perceptron is a linear classifier, i.e., it — -1s 4 > )
learns a point (for one feature), a straight line (for two = ek s
features), a plane (for three features), or more generally Image from the book of Russel & Norvig; see

a hyper-plane (for more features), and classifies unseen referencesn e ldes

instances by examining if they fall above or below the hyper-plane. The dataset of the figure
is not linearly separable with the current two features, i.e., there is no straight line that
separates the black from the white dots. Hence, a single Perceptron cannot learn to separate
the two classes with the current features.

(ii) Propose a mapping from the feature vector of each instance to a single real number (a
single real-valued feature), so that the new (single) feature will allow the Perceptron to
correctly separate the two classes.

Answer: We can represent each instance by its distance from the center of the circle. Then all
the instances will be along the axis of the new, single feature (distance from the center), the
black dots will be on the left of the value that corresponds to the radius (approximately 1),
and the white dots will be on the right of the radius value. With the new (single feature)
representation, the classes are linearly separable, hence the Perceptron can learn to
correctly separate them.

3. (i) Two students are discussing how the Perceptron (single neuron) relates to a logistic
regression classifier. The first student claims that a (binary) logistic regression classifier is the
same as a (single neuron) Perceptron with a sigmoid activation function. To support her view,
she wrote down the formulae that compute the output of the Perceptron and the probability
that the logistic regression classifier assigns to the positive class, in both cases given an input
vector x. Write down the formulae. What do they show?

Answer: The output of the Perceptron with a sigmoid activation function is:



OO W) =DW-X) =1/1+e ™)
The probability that the logistic regression classifier assigns to the positive class is:
P(c, |X) =1/0+e ™)

The formulae show that if we use the same weights w, the output of the Perceptron will be the
same as the probability of the positive class of logistic regression, which seems to agree with
the claim of the first student.

(ii) The second student, however, responded that the Perceptron and logistic regression learn
different weights, even if they use the same training dataset, the same initial weights, and the
same optimizer. To support her claim, she wrote down the weight update rules of the
Perceptron (with sigmoid activation function, slide 15) and logistic regression (with stochastic
gradient ascent). Write the update rules. What do they show?

Answer: The weight update rule of the Perceptron (with sigmoid activation function) is:
W <—W +77- D(W- XD (L—D(wW- X)) -tV — (- )?“)))-Xl(i)

The weight update rule of logistic regression (with stochastic gradient ascent, without
regularization) is:

w, —w+77-[t? =P(e, | X))

The update rules are indeed different. This is because the Perceptron that we considered in
the slides tries to minimize the squared error loss, whereas logistic regression tries to
minimize the cross-entropy (or to maximize the conditional log-likelihood) of the training
data. Hence, the second student is right, that in general the Perceptron will learn different
weights than logistic regression. However, if we used the cross-entropy loss in the Perceptron
too (and the same regularization and optimizer), we would come up with the same update
rules, which would agree with the first student s opinion.

4. In the following network, all the neurons use a sign activation function with a threshold of
0,ie, ®(x) = 1ifx = 0, &(x) = —1 if x < 0. The current weights have the values
shown. There are no weights on the inputs of neurons 1 and 2. (i) We feed the network with
the training instance x; = 1, x, = 1, for which the correct output is t = -1. What is the
output y of the network? (ii) We use backpropagation, with update rule w;; < w;; + 0.1 -
x;j - 6;. Assume that for the output neuron §; = t — y and that for each hidden layer
neuron §; = Y wj, + 8. Compute the new weights.




Answer: (i) The output of the network is:
Y = P(W3X36 + WaeXag + WseXse )
= O (W36P(W13X13 + Wi3Xp3) + Wag@WigX1s + WosXps) + Wse@(WisX1s + WosXps))

= ‘D(W36¢(W13¢(x1) + W23¢(X2)) + W46¢(W14¢(x1) + W24¢(X2))
+ w5 ®(WisP(x1) + wasP(x5)))

=d(-1-¢(1-1+(-2) D+ 1-0((-2)-1+1-1)+ 2-0(1-1+1-1))
=o(—o(-1) + ¢(-1) + 2-9(2))
=0(1-1+2)= ®(2) =1
(i) We first compute 6; (j = 3, ...,6) :

fg=t—y=—-1—-1=-2
03 =ws3e 86 =(—1)-(=2) = 2
84 =Wy 86 =1-(=2)= =2
85 =wse 06 =2-(=2) = —4

We then compute the new weights:

Wiz «— w3 +01-x3-63=14+01-1-2=1.2
Wig «— Wi +01x,-6,=-2+01-1-(-2)=-2.2
W15<_W15+01x1565:1+011(_4):06
Wyz ¢~ Wy +0.1 xy3:63=—2+01-1-2=-1.8
Wog ¢— Wy +01-%x5,-6,=1+4+01-1-(-2)=0.8
Wys ¢— Wys +0.1-x,5-65=14+0.1-1-(—4) =0.6
W3g ¢— W3+ 0.1 x36-66=—-14+0.1-(-1)-(-2) =-0.8
Wae < Wy + 0.1 x46-0=14+01-(-1)-(-2)=1.2
Wsg ¢— Wsg+ 0.1 %5606 =2+0.1-1-(-2)=1.8

5. Show that without activation functions, a multi-layer neural network is equivalent to
applying a linear transformation to the input, i.e., the output can be written as 6 = Wx + b,
where W is a weights matrix, b € R is a bias term, and XeR™ is the input feature vector.

6. Derive the weight update rules of slide 21 (backpropagation for the MLP of slides 18-19).

Answer (based on section 4.5.2 of the book «Machine Learning» by T. Mitchell, 1997,
McGraw Hill — see Exercises 7 and 8 below for an alternative solution based on the
computation graph of the neural network):

Let W be a single vector containing all the weights w; ; (of all the layers) of the network,
where w; ; denotes the weight of the connection from neuron i to neuron j. Each time we
consider a training example, we compute the squared error loss for this particular example:

1
EW) =5 ) (=0
k€eOutputs



where Outputs is the set containing the output layer neurons (more precisely, the numbers
that we use to refer to the neurons of the output layer), oy is the output of neuron k, and ¢t is
the correct output for neuron k. We update W (all the weights together) by taking a step
towards —VE(W):

W« W —ngVE(W)
which means that we update the weights as follows:

<..., W1’4, ,Wi’]‘, ’W4,8’ ) — <, W114, ...,Wi‘]‘, ""W4,8’ )
( OE(W)  9E(W) OE(W) )
-n ) e

’

ey anA ey aWi'j ) ey 6W4’8

where 7 is (in the simplest case) a small positive constant (e.g., 0.1).

Each weight w; ; inside W is modified as follows:

OE(W)

W"' (_W.,. _n—
L] L] awld

Let s; = Xy wyr jxir j = X, wyr jo;r, Where i’ ranges over the neurons that provide input to
neuron j and oy is the output of neuron i', i.e., s; is the weighted sum of the inputs of neuron
J» before applying the activation function. The weight w; ; affects the outputs of the neurons of
the output layer, hence also the loss E(W), only through s; (only by affecting s;). Therefore,
using the chain rule of derivatives, we obtain:*

OEW) 9E(W) 0s;

ow; ds;  Ow;
Hence:
J0E(W) 0s;
Vi W e B
OE(W) 0 Xy wyr jxyr ; oE(W)

Case 1: If neuron j is in the output layer, then s; affects the outputs of the neurons of the
output layer (actually, only the output of neuron j), hence also the loss E (W), only through
0j = d)(sj), where @ is the activation function of neuron j. Therefore, using the chain rule,
we obtain:

OE(W) _OE(W)do;

aS] 60] aSJ

Assuming that the activation function of neuron j is the sigmoid, @(s;) = o(s;), we obtain:

JEW) _ 9 (1 b — 0,)? do(s;) _

aSj N 601 2 aS]
keOoutputs

1 BA. https://en.wikipedia.org/wiki/Chain_rule



https://en.wikipedia.org/wiki/Chain_rule

> (3= 007) Jols) (1 a(5) =

keOutputs

a —_
(tx — Ok)% 0j(1-0;) =
]

keOutputs
(t = 0)(=Do;(1 = 0;) = =(tj — 0;)0;(1 — 0y)
Therefore, in this case (when neuron j is in the output layer), the update rule is:
Wij < wiitn ((tj —0;)0;(1 - Oj)) Xij

AE(W)
6S]' !

By setting 6; = — the update rule of this case becomes:

Wi < Wi+ 18X

where:
& = (tj —0;)o;(1-0))

Case 2: If neuron j is in the hidden layer, then s; affects the outputs of the neurons of the
output layer, hence also the loss E(W), only through the s, of each neuron k €
Downstream(j) to which neuron j provides (directly) input.2 Therefore, using the chain rule

and setting again &, = — a’;iw), we obtain:
k
aE(W) . aE(W) aSk . 5 ask
ds; _0s, 0s; ] kds;
J keDownstream(j) J keDownstream(j) J

s; affects each s, only through o;. Therefore, using the chain rule and assuming again that
neuron j has a sigmoid activation function, i.e., 0j = o(sj), we obtain:

9 Xjr wjt 051 D0
8 —L kT T

an E)s]

OE(W) B Z 5 dsy 00; B

-8 =—=—
(')s] 80] aSJ

keDownstream(j) keDownstream(j)

—5ij,kKss-j) - 2 ~Sewjie o (s;) (1 B a(sj)) -

keDownstream(j) keDownstream(j)

= 8w 05(1 = 07) = —0;(1 = o) Z OkWik
keDownstream(j) keDownstream(j)

Therefore, in this case (when neuron j is in the hidden layer), the update rule is:

2 In the network of slide 18, if neuron j is in the single hidden layer and every neuron of the hidden
layer is connected to every neuron of the output layer, then Downstream(j) = Outputs. The notation
and update rules of this exercise, however, can also be used when there are multiple hidden layers.



wij < wij+n|0/(1-0) Z SkWjk | Xij

keDownstream(j)

_9EqW)
onet; '’

Since §; = we can write again the update rule as:
Wi,j «— Wi,j + n(iji,j
but in this case:
8= 0j(1-9) Z OkWj

keDownstream(j)

7. Confirm the computation of % in the computation graph of slide 32.

dE
AE do, 0, = L
{)f.J oE 0y — t
do,
L5
: E _
dE

Answer: The gradient that we need to compute is:

- OF -
do;

OE | O

a3 |ao;
O

00y

Let us consider separately a single derivative % (a single element of the gradient):

k

E a1 2 a1 , 1 9

ﬂ‘%ZE(tj_oj) _a_oii(ti_oi) =52 (t; —0) a_oi(ti_ol')
]=

=(t;—0) (=1 =(0o; — t;)

Hence:



-aE-
dor| o=ty
0E | 0E o
ﬁza—()lz Oi—ti =0—t
6E lOk—th
190y ]

Note: We do not need to compute %, because we do not update  (the correct prediction).

8. (i) Draw the computation graph of the neural network of slides 18-19 (the one used in

exercise 6 above) and compute the gradient %.

Answer: The graph is the same as in slide 32, but with an extra sigmoid before the squared
error loss. (We would use the extra sigmoid if we wanted each output of the network to
predict the probability that the input text belongs in the corresponding class, without the
classes being mutually exclusive; for mutually exclusive classes, we would use a softmax

instead of the extra sigmoid.) The gradient % was computed as in Exercise 7.
JE
; (2)
dE f'}ﬂi” 01 - tl
| = . —g@_¢
da?) dE (2)
@ ke ~ ke
L?Gh

-OF “ 0E  0F 3~ 1
= Il
ow ™ W@ 5@
(ii) Show that for a sigmoid node o (s) = 0, % can be computed as follows, where J is the

Jacobian matrix.?

3 See https://en.wikipedia.org/wiki/Jacobian_matrix _and determinant.



https://en.wikipedia.org/wiki/Jacobian_matrix_and_determinant

s e Rk d € R¥
E /;\_b

. ~ '“"vz—!"l,e R
oE1" [da(s;) do(s,) da(s)|[ OE
95, ds, ds, - 0sy ||904
GEZ oE _ da(s,) do(sy) da(s,)|| 0E :f.I.EJE
s | ds; as; das;  ds; ||do; do
OE | |ao(s)) d0(s)  dolsi)|| OF
ﬁsk | ask E]Sk ask ] aok
o(s1)(1—o(sy)) 0
_ 0 o(sz)(1-0(sy)) 0 0 d9E
: : : : do
0 0 0(5k){1 —5(5k:1)
Answer: The gradient that we need to compute is:
_aE_
651
9E _|oE
a5 | 0s;
OF
_aSk_

Let us consider separately a single derivative % (a single element of the gradient). By the
chain rule of derivatives, we obtain:

OF <o 0F 00,
aSi = E)o] aSi

However, each s; affects only o; = a(s;). It does not affect any other o; = G(sj), for j + i.
0, .
Hence, a_(: = 0 for j # i, and we obtain:
0E O0E do; OE do(s;) OE
aSi B aOi aSi B aOi Osi N Ooi

o(s)(1—a(s))

where we have use the property of the sigmoid that % =a(x)(1-a(x).

Therefore:



r0E1 [OE do(s;)1 T[OE 1
75, 90, s, a0(51)(1 —a(sy))
oF |oE| |oEao(sy| |oE '
%5 |35, |~ |30, 05, |- a—OiG(Si)(l —a(sy))
0E | | 0F do(sy)| | oE ’
55 30y as, | [0, 71— o60)]
The latter can also be written as:
(00 (s;1) 0 1r 9F 1
651 aol
0E 90 (s2) 0 a_E
ﬁ = aSZ . 602 =
9o (s) || OE
B 0 0 aSk | _aok_
[o(s1)(1—a(sy)) 0 1
_ | 0 O'(Sz)(l - a(sz)) 0 6_E
I : : : : |00
| 0 0 o(s)(1 - U(Sk))J

More generally, it can be written as:

[00(s1) 0o (sz)

dsq dsq
do(sy) 0o(s;)
ds, ds,

60651) 60'(.52)
B aSk aSk

Where J is the Jacobian matrix:

The latter applies more generally. For a node that computes £ (S, ...) = 4, we can compute
as follows (provided that 5 is fed only to the f node):

0E
as

90 (si)
ds,
9o (sy)
ds,

00(:51()

_aE_

aSk i

_aok_

doq
OE

do,

oF

[do(sy) 0do(sy) 90 (s1)]

ds, ds, dsy
do(s;) 0do(sy) 90 (s;)

J=] ds, ds, dsy
do(sk) 0o (sy) 9o (sy)
| Js; ds, sy |




§5M5€R"2

. \v__‘/ "._7 "j_f e [R.fcz
- do

rdE 1 [doy dos doy, 11 9F 1

0_5'-1 651 551 aS] 0_01
9 | 0E | |do, @0, o[ 9E | _oE
ds | ds; | |ads; oas; 7 ads; || do; =/ do

9E | |do, do, a0 || 2E
_@Sn.l ] _ﬂsk_l 55;,:1 EZ?SRI ] _@Dkz_

(Check that this is also true for % in exercise 7.)

If s is fed to two (or more) nodes f, />, we have to add the gradients for % that we get from

fl)fz:

dE
a5
aa,
. .- . > - OE
(iii) Show that for a matrix-vector multiplication node Wo = s, 55 can be computed as
follows:
W e [kam
5 eR™ - FERK
E C
o as
E = ﬂ_ﬁ —wT i
dag ¢ ds i
Answer
S1 Wi1 Waq Wim,17r1 01 [W1101 + Wy 10 + -+ W10 1
[Sz] [WI,Z Wz'z e Wm,Z][OZ] | W1,201 + W2'202 + -+ Wm,ZOm |
§=|S3|= W6=|W1’3 W2’3 Wm’3||03 |:| W1’301+W2'302+"‘+Wm’30m |
[SkJ lerk Wz‘k Wm’kJ lOmJ I_W1,k01 + W2,k0 2 + -+ Wm,komJ

The gradient that we need to compute is:



— aE —
doq

oE | oE
65 aOi
oOF

(00, ]

Let us consider separately a single derivative % (a single element of the gradient). By the
chain rule of derivatives, we obtain:

O <o OF 0s;
90, 2,590,
According to the equations for s = W o above:
Sj = Wy1,jOo1 + W3 jOy + =+ W;j0; + =+ + Wy jOy,
Hence:
95 _

= W- .
aOi LJ
Therefore:

k k
0E  ~_ OE s OF

—_— —_— ] —W; ;
Ooi = aSJ aOi = aS] 2
which can also be written as:
rOF T rOF T
ds; ds,
OE OE
OF _[9s1 0s;  0s o l=wir wiz - wi]l|zs
aOi aOi aOi aOi :2 :2
OE OE
_aSk_ _aSk_
Hence, for the overall gradient:
r0E1 [0s1 O0s, ds, ]
LI I R ot N A | F T
o |%%2| |0 %% %%plee| |V T Ia_E
96 | 9E |~ |0s; 0s, 0sy 6:92 =|Wi,1 Wiz o Wik 6_52 -
af)i 6-0L- af)i a?i oF |-W: W: : W:kJ oE
: : : . . -_— m,1 m,2 m, _—
OE | |os, os, 95y |05k 051
0o, ldo,, 0o, = 0dopl




OE O0E
T T
I— —wr ==
Js s 0s
Note: We prefer to use matrix operators, which can be efficiently computed using highly
optimized algorithms and GPUs, rather than relying on our own for-loops (e.g., in our own
Python scripts) to compute individual elements of matrices, which is much slower.

(iv) Show that for a matrix-vector multiplication node Wa = s, 9 %@ 0, where ®

ow
denotes the outer product.

dE  dE Q3
—=—®0
ow : ds
{ W e R
5 e R™ § € R¥
#*
0
is
Answer: Recall that we use the following notation for the elements of W:
W11 W21 - Wm,l'l
W1'2 W2'2 mez |
W =|Wi3 Wz3 .. Wm,3|
|~W1,k WZ,k Wm,kJ

The gradient that we need to compute is:

r OF 0E 0E 1
Owy1 Owyq  OWyy
0E OE 0E
0E 0wy, Jdwsy, OWin 2
ow | 9E OE 0E
Owyz 0wys — Owps
0E 9E  OE
_an,k aWZIk an’k_

Let us consider separately a single derivative % (a single element of the gradient). By the
L
chain rule of derivatives, we obtain:

k
OE O OE 0s,
aWi‘j = aSl Owi,j

According to the equations for s = Wa in part (iii) of the exercise:

S; = Wq,101 + W»,10; + o+ wi0i+ 0 Wy 0y

4 See https://en.wikipedia.org/wiki/Matrix_multiplication#Outer product.
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Hence:

and:

Given that:
Sj

we obtain:

Hence:

0FE
an'lj

aSl
aWi,j

k
_ O0E ds;  OE Os;
= le aWi,j aSJ an'lj

aSj

Ay

=0,forl #j

0y

0E

=Wy,j01 + W3 0y + o+ W;j0; + 0+ Wiy jOpy

an"j aSJ an"j 851 !

Going back to the overall gradient:

r OF 0E 0E 1
0wy 1 0wyq 0w 1
0E 0E 0E
OE Owyp 0wy, OWp 2
W 0E 0E 0E
owy3 0wy, 0w 3
9E  OF )i
_aWLk aWZIR an,k_
_aE-
ds,
0E
ds,
=|0E |[01 02
ds;
O
_aSk_

(v) Use the conclusions of parts (i)—(iv) of this exercise, to derive the backpropagation update
rules for W@ and W@, Confirm that they are the same as the ones derived in Exercise 6
(also shown on slide 21).

Answer: For the weights of W of the computation graph of part (i), i.e., for each weight
w® from a neuron i of the hidden layer to a neuron j of the output layer in the network of

L]

slides 18-19, we have shown in part (iv) that:

[0

—o0
ds; *

OE
ds; 01

oE
653 1

oF

[0,

oF .
Om]=£®0

OE
3s,
OE
3s,
OF
3s;

OF
ask 02




@)
O 0E 0s; 0E (1

= = 0
@) (2) (2) @t
awl.' i asj 6wl., i 6sj

From part (ii), we also know that:

) (2)
o) _ oE 00; _ 9E 0o (S,- ) _ OE a(s-(z)) (1 _ a(s-(z))>
asj(z) aoj(z) asj@) 60}.(2) c')sj(z) 60}.(2) J J

Hence:

0E 0E 0E 0E

_ 1) _ 2 () 1) _ () @) @
@ 5 @0 T w0 (57) (10 (s%)) o = =550 (1=
W asj 60]. c')oj

From part (i) (and Exercise 7) we also know that:

0E
—_— 0.(2) - t]
aOj(z) J
Hence:

% _ 661(5'2) Oj(z) (1 _ Oj(z)) Oi(l) — (Oj(Z) - tj) oj(z) (1 - oj(Z)) ol-(l)
w 0;

(

where x; ; = o; D s the signal from neuron i of the hidden layer to a neuron j of the output

layer.

Therefore, the update rule for wl.(j.) is:

OE
@) @_ 9% 2 (@ @D (q_ @D\  _
Wij < Wy aw(z)—Wi.j ”(Oj tl)"j (1 i )xw—
ij

=wip +n(5 - 0”) o (1- o) x

which is the same as the update rule of Exercise 6 (and slide 21).

Let us now compute the update rule for the weights W (1) of the computation graph of part (i),

i.e., for each weight Wi(,}) from a neuron i of the input layer (that simply copies the input x;)
to a neuron j of the hidden layer in the network of slides 18-19. By reusing our conclusions of
part (iv) for a matrix-vector multiplication node of the computation graph, we obtain:

0E  0E 0sY  QE OE
= = X; = Xi:
® 1) 5,1 (1"t (1) MiJ
awl., i 6sj Owi,j asj 0 S;

By reusing our conclusions of part (ii) for a sigmoid node of the computation graph, we also
obtain:



@ 5. @ (1) (1) @ (1)
asj c’)oj E)sj 8oj c’)sj do

) &)
0E _ 0E 99 or 99 (s”) o o(s (1))(1_0(5j(1))>

Hence:

OEF O OF OF
_ - (1) ™)), oD (1 — 0@
w®  9s® T 50 (1) 7 (s )(1 o(s ))xw %0 (1) (1=0f")xi;

L ]

By applying our conclusions of part (iii) to the rightmost matrix-vector multiplication node of
the computation graph, we obtain:

OE _Z OE 65,&2) _Z oE »@
-~ () 5 (D) (2) Wik
aoj = Osk aoj = s

Hence:
OE OE OE
— oM oV @), O _ DY, .
ow® gD (1 % )XU (Za (Z)WJR) % (1 % )xw
Wij 0; . OS5k
By setting 6, = —% as in Exercise 6, we obtain:
Sk

OFE oE
_ 2 @, @ ® _ E @), @ (1)
p (1)—< o (2)w]k> 0; (1—01. )xi,j——< 5ij,k>0j (1 )xl,j
Wij K

1) ;

Therefore, the update rule for w; ;i ist

0E

w® ® (1) E ) (1) (€8]

Wi e Wy r]a D= +r]< 6W ) —0; )xi,j
Wi j

which is the same as the update rule of Exercise 6 (and slide 21).

9. By working as in parts (i)—(iv) of Exercise 8 on the computation graph (not as in Exercise
6), derive the update rules for the weights W@ and W (?) of the network of slide 32 (the same
network as in Exercise 8, but without the rightmost sigmoid). You may use a sigmoid instead
of tanh in the network of slide 32. You may reuse the conclusions of Exercises 7 and 8 for the
backpropagation of gradients through matrix-vector multiplication, sigmoid, and squared
error loss nodes.

10. Repeat Exercise 17 of Part 2 (Text Classification), now using a neural network (e.g.,
MLP, RNN, CNN), implemented using tools like Keras, TensorFlow, PyTorch, or DyNet.®

5 See http://keras.io/, https://www.tensorflow.org/, http://web.stanford.edu/class/cs20si/,
http://pytorch.org/. http://dynet.io/.
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