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Abstract

This project looked into three well-known statistical models for word alignment: the IBM Model
1, IBM Model 2 and HMM, and developed neural forms of these models. It was motivated by the
‘Unsupervised Hidden Markov Models’ paper by Tran et al. [20] which applied neural HMMs to
part of speech tagging.

The neural models developed were trained using a variety of different training methods, most
notably Direct Marginal Likelihood (DML) optimisation, which it is generally not possible to
apply to the symbolic forms of the alignment models. DML optimisation was applied to all
neural models investigated.

The other training techniques applied were: Expectation Maximisation (EM) to HMM, and
Viterbi training and supervised learning to IBM Model 1.

This project focused on the English-Spanish language pair. The SciELO corpus, which
contains a range of biological and health texts in Spanish and English, was used.

As the IBM Model 1 uses only lexical translation probabilities to form alignments, the
neural IBM Model 1 consisted of a neural network for which the input is the embedding of
the Spanish source word, and the output is a probability distribution over words in the target
(English) vocabulary.

By summing and multiplying the relevant elements of the neural network output, it is possible
to calculate the (unnormalised) marginal likelihood of each sentence. This likelihood can be
automatically differentiated by a machine learning package (PyTorch was used in this project),
and the neural network model parameters will be updated to those that will increase the marginal
likelihood of the training data and lead the model to predict more accurate alignments.

The neural IBM Model 1 developed had an Alignment Error Rate (AER) of around 40%,
varying with the exact neural architecture used. Alignments produced by GIZA++, a toolkit
which can implement symbolic forms of IBM Models 1-5 and HMM, were used as a baseline to
calculate the AER of the models developed for this project.

The neural IBM Model 1 was also trained using Viterbi training and supervised learning by
optimising the joint probability of the data and alignment variables.

The neural IBM Model 2 consisted of two neural networks: one which modelled the lexical
translation probability and took the same form as the neural network used for the neural IBM
Model 1, and a second neural network which represented the alignment probability distribution.

Positional encodings were used as inputs to this second neural network. The marginal likelihood



iv

of the neural IBM Model 2 can be calculated by element-wise multiplication of relevant proba-
bilities at the outputs of both networks, followed by summation and multiplication in the same
fashion as that which was carried out to calculate the marginal likelihood for the neural IBM
Model 1.

The neural IBM Model 2 outperformed the neural IBM Model 1, reaching an AER of 31.76%.

The HMM required considerably more computation to calculate marginal likelihood and
produce alignments. A lot of computation also was required to carry out EM training.

The HMM applied to word alignment has lexical translation probabilities as emission proba-
bilities (thus we can reuse the IBM Model 1 neural network again), and alignment probabilities
as transition probabilities. These transition probabilities can be modelled by a neural network in
a similar fashion to the alignment probability model in IBM Model 2, except for the HMM we
are considering jumps from one position to another in the source sentence.

Dynamic programming was used to calculate the forward probabilities. The marginal
likelihood was obtained by summing the forward probabilities at the end of the HMM trellis.
This can be followed by auto-differentiation.

For EM, both forward and backward probabilities had to be calculated, followed by careful
multiplication of forward, backward, emission and transition probabilities to calculate the
auxiliary function.

The neural HMM also outperformed the neural IBM Model 1, reaching an AER of 37.35%

within 5 epochs of training.
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Chapter 1
Introduction

This project was inspired by the work of Tran et al. [20], a paper in which the Hidden Markov
Model (HMM) tagging model was extended to neural form and used for part of speech tagging.

HMMs can also be used for word alignment of parallel text: the focus of this project was to
develop neural models for word alignment, including the simpler IBM Models 1 and 2 as well as
the HMM.

Neural word alignment using IBM Models 1 and 2 has been done before (cf. [6], [10], [24]).
Some work on neural HMMs for word alignment has also been done [23]. The use of positional
encodings for neural alignment models is more novel.

To illustrate what is meant by word alignment in machine translation, an example pair of

sentences and their alignments is shown in Figure 1.1. Given pairs of sentences (which are

- lf -
[
_— Input/source
0 1 2 3 language

/>

the big house

Output/target
1 2 3 pubTerE

language

Fig. 1.1 A pair of aligned sentences in English and Spanish, with notation used in this report.

translations of each other) in English and a foreign language (e and f respectively), alignments,
a, are drawn between words with the same meaning. i and j index the foreign and English words

respectively, and so the word alignments are mapped by the function a : j — i. In the given pair
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of sentences in Figure 1.1, the alignments are @ : {1 — 1,2 — 3,3 — 2}. The number of words
in the foreign and English sentence is Iy and [, respectively. The ‘NULL’ token is appended
to the foreign sentence, to allow for English words which have no corresponding word in the
foreign sentence.

In the typical alignment problem set-up, the alignments are not observed, hence this is an
unsupervised learning problem.

Numerous models of alignment exist, such as the IBM Models 1-5 [3] and HMM [22]. These
each have a generative story to model how words are rearranged and translated in order to go
from the source language to the target language. The lexical translation probability of word f
being translated to word e, f(e | f), is common to all of the models.

In these original formulations, words are treated as symbols, and thus probabilities such as
t(e | f) are presented in tabular form.

In this project, the probability distributions were represented neural networks. For example,
the lexical translation probabilities can be represented using the neural network 7g(e | f), where
the input is the embedding [9] of the source word f, and the output is a probability distribution
over words in the target vocabulary. The parametrisation over 6 allows us to use gradient-based

methods to train the neural alignment model.



Chapter 2
Technical Background

This project investigated the IBM Models 1 and 2 and the Hidden Markov Model. Alignments
produced during experiments were compared with alignments produced by GIZA++ [14], a
toolkit which can implement symbolic forms of IBM Models 1-5 and HMM.

2.1 General model training

In a general framework, we have training data x = {xy,...,Xy} which are assumed i.i.d. The
training data have unseen, latent variable z. We create a generative model of the data with model

parameters, 6, and want to find the parameters which maximise the log likelihood:

N
6 = argmax{.Z(0)} = argmax{log p(x;0)} = argmax{Zlogp(xi; 0)} (2.1)
0 0 0

i=1

The latent variables can also be factorised out to yield:

N
0 = argmax{.Z(0)} = argmax{ZlogZp(xi,z,-; 0)} (2.2)
0 0 j

i=1 Z

2.1.1 Batches and epochs

A distinction worth making explicit is that between batches and epochs. The entire set x =
X1,...,Xy is an epoch, i.e. over an epoch, the entire training set is seen.
Batches are subsets of the entire training set and can be defined using sets of indices
B, C {1,...,N} suchthat {1,...,N} = U,B}, . Then the b'" batch is Xp, = {X; 1 i € By} and with
batch likelihood
log p(xp,;0) = Y logp(x;;6). (2.3)

i€By,
Batches can vary from epoch to epoch. In this project, the batch assignments are shuffled between

each epoch during neural network. This is standard practice as it can speed up convergence [2].
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2.1.2 Direct Marginal Likelihood (DML)

For some models, in particular for the neural models to be studied, it is possible to use stochastic
gradient descent (SGD) [18] to directly optimise the marginal likelihood of the entire training

set. Gradients are accumulated over batches with parameter updates of the form:

o't = ot +oVglogp(xp,;0)|er
=0+ ) Vglogp(xi;0)|y

i€By,

(2.4)

The gradient of each sample x; is calculated ‘directly’ by marginalising the latent variables:
Volog p(xi;0)|er = Vglog}, p(xi,z;;0)|e: . This can be done easily using machine learning

frameworks such as PyTorch, which has auto-differentiation capabilities [16].

2.1.3 Expectation Maximisation

In cases when it is not possible use DML, Expectation Maximisation (EM) [4] is often used
instead. EM generates a sequence of parameters 67 such that log p(x; 87*!) > log p(x; 67), until
convergence.

The EM auxiliary function is

Q(97 9[7) = EZ\X;BP 10gp(X,Z| 9)
=Y p(z[x;67)logp(x,2|6)
Z

(2.5)
=YY p(z|xi:67)log p(x;,2|6) = ) 0i(6,6")
iz i
Qi(gje”)
and 671! is chosen via the M-Step as
07! = argmax 0(0, 07). 2.6)

Alternatively, there is the Generalised Expectation Maximisation algorithm (GEM) [7], which
uses the fact that if 77! : (671! 67) > Q(6”,07) then log p(x; 07*!) > log p(x; 67) . The
steps for GEM with the M-step completed via gradient ascent are as follows:

1. Fix 67 from the previous epoch.
2. Note that VgQ(0,07) =Y ,Ve0:(6,07).

3. Perform SGD to increase Q(6,607) until 8 is found so that Q(6’,67) > Q(67,67).
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(a) SGD can be performed over batches, as in DML:

An iterative estimate of 6’ can be produced from 6" as:

6'=0"+a) Ve0i(6,6")e 2.7)

i€By,

(b) Stop when Q(6’,607) > Q(6”,67) which should be verified over all x, not just the

current batch.
4. ortl o'

Many forms of approximations are possible, such as carrying out multiple iterations per batch
or forgoing verifying 3.b over the entire set. One variant which was used in this project is
to recalculate the posterior after each batch. This violates the EM guarantees for improved

likelihood, but is computationally simpler.

2.1.4 Viterbi training

Viterbi training, sometimes refered to as ‘hard’ EM, yields a sequence of parameters 67 such

that max, log p(x,z; 87*1) > max,log p(x,z; 87). The steps of Viterbi training are:
1. For 67 find z” = argmax, log p(x,z; 67).
2. Perform iterations of SGD with Supervised Learning with z” as Z.

3. If 6’ can be found such that log p(x,z”;0') > log p(x,z”; 6), then 87+ < @', Like EM,

this should be verified for the entire training set, and not just at the batch level.

2.1.5 Supervised Learning

If the latent variable Z; is given for each observed xj, the objective is to maximise
log p(x,2:;0) = Y log p(x;,2;;0)
i

Parameter updates are carried out as in DML, except that it is not necessary to marginalise over

z;, as we know the true value of Z;.

o'l =9 + oV Ing(XBhviBh; 0)le:

=0"+a ) Vglogp(xi,2;;0)le
i€By,

(2.8)
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2.2 From the general formulation to alignment models

The training methods described above can be applied to alignment models, with the following

changes in notation:
p(x) = p(e|f)

p(x,z) = p(ealf)
p(z|x) = pla|ef)

Here it is assumed that the models are conditioned given the foreign sentence f, that the English
sentence e is the ‘observed’ variable, and that the alignment a is the latent, or missing, variable.

Numerous models of alignment exist, such as the IBM Models 1-5 [3] and HMM [22]. These
each have a generative story to model how words are rearranged and translated in order to go
from the source language to the target language, so they each have different expressions for

p(e|f),p(e,alf),p(a|e,f), which will be introduced in the following sections.

2.3 Symbolic IBM Model 1

The IBM Model 1 considers only lexical translation probabilities. Thus the probability of

observing a sentence e with alignments a, given a source sentence f is:

I
8 e
ple,alf) = ——]]u(ej [ faj); (2.9)
(Lr+1)" H S
where € is an arbitrary normalising constant. The equations for the marginal likelihood and the

posterior are:

~

.l

=Lrlealn HZt(ej!m, (2.10)

(lf+ e 215
e t(ej | fa(j))
plalef) =[] ——"—. (2.11)
Hl Y ot(ei | £i)

Full derivations of these equations are in [3].

The optimal alignment, 4, is given by:
le
a = argmax p(e,a | f) = argmax Htg(ej | fa;) (2.12)
a a j=1

Because the alignment a(j) from each target word j is independent of the alignments for all

other words, we can write the following equation for a( ).

a(j) = argmax tg(e; | fi) (2.13)



2.3 Symbolic IBM Model 1 7

As stated earlier, when training a model, we wish to maximise its marginal likelihood.
It is not possible to do this directly with the symbolic IBM Model 1. However, an iterative

estimation procedure based on Expectation Maximisation can be obtained [3].

2.3.1 EM training

The symbolic IBM Model 1 is normally trained using Expectation Maximisation by initialising
the model to some random values (e | f;). These are used to calculate the posterior, p(ale,f), as
part of the E step. The M step involves calculating the number of times that each word e aligns
with f, weighed by the probability of that alignment occurring. This calculation is written, and

simplified, as follows:

cle|f;ef) = Zpa|ef2 (e,€;)8(f fa(j))

(2.14)
Cilelf) ¥ :
= Z €,€; Z f fa )
Sot(e] fi) =1 =0
The counts can then be used to re-calculate the translation probabilities as follows:
nelelfsef)
tle| f;e,f (2.15)
QR e

The steps are repeated until convergence in likelihood.

2.3.2 Supervised learning

It is quite interesting to consider the supervised learning case, which could, for example, be used
to initialise the model before it continues with some other, unsupervised mode of training. The
training data & can, for example, be obtained from alignments generated by GIZA++.
Supervised learning for the symbolic IBM Model 1 is simply a case of counting the number
of times pairs of words are aligned, and normalising to form a valid probability distribution for

t(e | f). This only needs to be done once, without iteration.

2.3.3 Viterbi training

Viterbi training is essentially hard EM. Whereas EM training is ‘soft’ because counts are
calculated by weighing by the probability of every possible alignment, in Viterbi training, counts
are calculated by considering only most probable alignment. Thus equation (2.14) evolves into

the following:

(e|f:e,f) = Zsee] (f, fag))- (2.16)
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Like EM, Viterbi training is done iteratively, with estimates for ¢(e | f) and c(e|f;e,f) obtained
alternately. Estimates for 7(e | f) are obtained by equation 2.15.

2.4 Symbolic IBM Model 2

Training and decoding are similar to IBM Model 1, but with an additional alignment probability
model which accounts for how alignments tend to be created between word positions in the
source and target language. The notation py(i | j,l,lr) will be used to represent the probability
of an English word in position j being aligned with a foreign word in position i, conditioned on
the sentence lengths [, & Iy.

The joint and marginal likelihood expressions are:

le
ple,alf)=e[]tle;| fuy) pma(a(y) | jile,ls) (2.17)
j=1
I lr
=Y plealf) —eHZr ej | fi) pa(i | jlesly) (2.18)
a j=li=

Derivations of these equations are, again, in [3].

The optimal alignment, 4, is given by:

le
i = argmax p(e,a | f) = argmax [[(e; | fu(j)) Pra(a(i) | ,lesly) (2.19)

a j=1

This can be decomposed into the following expression:
d(]) = argmax t(ej ‘ fl) pMZ(l ’ ja levlf) (2.20)
1

24.1 EM training

EM is normally used to train the symbolic IBM Model 2. The procedure is similar to the
symbolic IBM Model 1, with the formula for fractional counts c(e | f;e,f) modified to account
for alignment distortion, and the introduction of a formula for fractional counts for alignment
distortion: c(i | j,le,1r;e,f) [3].

The equation for the posterior is now:

(2.21)

plalef) = ”" H e]!fa ) paa(a(j) | dioles 1)
=1 Ylot(ei | fi) pm2(i| jilesly)
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2.5 Symbolic HMM

Word alignment can be modelled using a Hidden Markov Model [22], where the observed state
at ‘time’ j (or rather, position j), is the English word e;. The hidden state at ‘time’ j is the
Spanish word which ‘emitted’ the English word e;. Using our notation, this Spanish word is
denoted f,( ;). Possible hidden state sequences are shown in Figure 2.1, with the most probable
sequence shown using black arrows.

In this HMM set-up, the emission probability, i.e. the probability that word f,( ;) emits e, is
simply the lexical translation probability (e | f(s)), Which was used in the IBM Models. The
transition probability is the probability that the hidden state at ‘time’ j is 7, given the hidden state

at ‘time’ j— 1 is /. Thus these transition probabilities will be denoted as pymm (i | ).

Hidden

states
f grande
3 (3)

ﬁ‘ f2

Observed
states

Fig. 2.1 Hidden Markov Model trellis for the observed sequence ‘the big house’. The correct
hidden state sequence ‘START la grande casa’ is highlighted.

Using general HMM notation of x & z to represent observed and latent variables respectively,

the probability of an n-length sequence of observed and latent variables is:

p(x,z) =[] pGlz-1) [ ] p(xlz) (2.22)
i=1 =1

Using the notation we have introduced in the context of word alignment, this joint probability is

expressed as:

I, I,
plealf)= ITlf(ej | fa()) I_IlpHMM(a(j) la(j—1)) (2.23)
J= J=
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For HMMs, we will also need to use dynamic programming to calculate forward and backward

probabilities o;(j) and B;(j) for hidden state i at ‘time’ j. These are expressed as follows:
ai(j) = P(e1,e2,..€j, fujy =1 0) (2.24)

Bi(j) = P(eji1,ej12,-- e | fulj) =1,0) (2.25)

The posterior alignment probability is now:

plealt) Tl (e | fup) pramatali) [aGi— 1)
ple[f) Zlf:o (L)

i

plalef)= (2.26)

The Viterbi path probability v;(j), used to keep track of the most probable path through the
hidden states. Some detail of how this is implemented (for the neural case) is shown in Figure
3.2.

2.5.1 EM training

The Baum-Welch algorithm, a form of EM, is normally used to train the symbolic HMM [1].

The E step involves the calculation of the state occupancy count y and expected state transition
count & as follows (using notation as in [12]):
S % ()B ()
=" (2.27)
ni) == (qr)
Ei]) = o (i)aijbj(or41)Br+1(J)
IANS -
o (qr)

The M step involves the calculation of emission and transition probabilities as follows [12]:

(2.28)

R IR ()
= (2.29)
WYY E (k)

~ ZT: S§.1.0t=V} %(])
bi(w) = =

(2.30)

2.6 Neural IBM Model 1

A neural network was used to model the lexical translation probabilities, #9(e; | f;), where 6
represents the parameters of the neural network. The input to the neural network is an embedding
of the source word, and the output is a probability distribution of target language words. The

word embeddings (of size D,ypeq, 1) Were initialised randomly, and allowed to be updated
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during training, a procedure which is acceptable given enough data [9]. Alternatively, pre-trained
word embeddings could have been used.

The neural IBM Model 1 pipeline is shown in the diagram in Figure 2.2. For simplicity, the
diagram indicates the neural network as containing a single hidden layer of size Hy;, although
the neural network could have any configuration. A softmax is always applied at the output layer

to produce a valid probability distribution.

Lexical translation model:

Parallel sentences: ‘la casa grande’ & ‘the big house’

to(eilfi)
Inputting one source word (‘la’) Inputting whole source sentence (‘la casa grande’)
N N
o)
\\0\ Q‘\\ \\0\\\\\0 Each cube represents
\*0‘0’\‘\0\)\-‘6& \:-}(\ Output to(ej|f;) for some ¢ & f;
R R ke W layer

NN
(with
parameters &)

Word embedding
of ‘la’

D Dembed,Ml

embedding

la casagrande

Fig. 2.2 Diagram of lexical translation probability neural network. Left-hand side: generating
translation probabilities for a single input word. These can be stacked together and run in
parallel to generate translation probabilities for every word in a source sentence, as shown on the
right-hand side.

The simple form of equation (2.13) means that decoding (i.e. producing word alignments) is
straightforward. To produce alignments, we pass through the target words, and for each target
word j, we look up the row of that word in the output layer, and output the foreign word which

corresponds to the location of the highest probability value in that row.

2.6.1 DML training

Because the neural model is parametrised by 8, it is possible to maximise the marginal likelihood

directly, using the following derivatives:

)
Jomr(0) = %108179(9 | £) (2.31)

By inspecting equation (2.10), we can see that Jpys(0) can be calculated by multiplying and
summing over the relevant 79 (e; | f;) terms. These values are then passed through through an

auto-differentiation package [16].
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Stochastic gradient descent is then used to tune the neural network to settle on the 7g(e; | f;)

function which minimises the loss function, and thus maximises the sentence likelihood.

2.6.2 EM training

EM can also be formulated for the neural model. In the general EM case, the aim is to maximise

the auxiliary function E,(,x)[log p(x,z | 8)] [7] . Thus the gradient used in updates is [20]:
0
J(6) =) p(z|x)55logp(x,2] 6). (2.32)
z
In the case of the alignment problem, this translates to:
d
Jem(0) =Y plaef)=ologpo(e,alf). (2.33)
a

For the proper EM procedure, care should be taken on when values are updated: p(a | e,f) should
only be updated after we have seen all of the training data (i.e. after each epoch, not each batch).
If it can be shown that the auxiliary function increases over all the data, then it is guaranteed that

the likelihood increases as well.

2.6.3 Supervised learning

For the neural case, the aim is to maximise the joint probability p(e,d | f), leading to the following

gradient:
J .
Js(0) = %logp(e,a | £) (2.34)

For the IBM Model 1, this can be thought of as a classification problem, with the word pairs in
the training data forming input and target values. A cross entropy loss function is used, as is
typical for classification, which penalises the model if the value of #(e; | Ja(j)) 1s low.
This forms one of the terms to be summed in the expression for the log-likelihood:
le
logp(e,a|f) =K+ Z}logr(ej | fac)) (2.35)
j=

Thus we can see that if a cross entropy loss function is used [11], the gradient update is equivalent

to the expression in equation (2.34).

2.6.4 Viterbi training

In contrast with the iterative updates of equations (2.16) and (2.15) which are used for Viterbi

training in the symbolic case, in the neural case, Viterbi training is carried out using the following
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gradient:
J X
Jv(0)= %logp(e,a | ) (2.36)

Comparing equation (2.36) with equation (2.34), we can see that neural Viterbi training is like
supervised learning, with the ‘training data’ being the alignments that the model currently thinks

are most probable.

2.7 Neural IBM Model 2

Now we need to use two neural networks: one to represent lexical translation probabilities
(i.e. the neural IBM Model 1), and one to represent the alignment probability distribution
pm2(i | jile,ly). Whereas the inputs of the first network are word embeddings, the second
network uses positional embeddings [21] of size Deppeq, m2- 4 sets of positional embeddings
are created to represent each of i, j,/, and I, and then fed into the neural network. This is
repeated for each possible combination of i and j, and the outputs are normalised to produce
valid par.o(i | j,le,1f) probability distributions.

Sinusoidal positional encodings, as described in [21], were used. The elements of the

embedding matrix PE satisfy the following equations:

, pos
PE(pos,keven) = sin <—2k> ) (2.37)
107 000 dmodel

pos
PE(pos,kodd) = COS (W) . (2.38)
R model

where pos indexes the rows and k indexes the columns in the PE matrix.
The pipeline for processing one sentence is shown in Figure 2.3. Again, we are assuming the

simplest case, in which the neural network has one hidden layer, of size Hy».

2.7.1 DML training

As for the IBM Model 1, training the neural IBM Model 2 is possible by DML, and follows a very
similar procedure to Model 1. By inspecting equation (2.18), we can see that the likelihood can be
calculated by element-wise multiplication of the output probabilities of the alignment distortion
model, and of the output probabilities of the lexical translation model (after foreign words which
are not in the target sentence are masked). The relevant summation and multiplication is then

carried out, prior to auto-differentiation.
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Parallel sentences: ‘la casa grande’ & ‘the big house’ ([, = [ = 3)

i values j values , values Ir values
1111 1 2|3 3/3 3 3133
21212 1 23 3/3/|3 3/3/3
3/3 3 1 2|3 3,33 3,33
f
dmode!
HMZ
NN _
(with -——"
parameters 8) | the(1) big(2) house(3)
12 (1) attin.3.9) o112.3.3) a113,3.3 Each square represents

Neural IBM Model 2 Pm2,6 (ilj' le) lf)

alignment probability
puze(il), le, Ir)

i 1 casa (2)|a2113,3)|a(212.3,3) |a(213, 3, 3)

grande (3)|a(311.3,3)[a(3]2,3,3) |a(313, 3, 3)

Fig. 2.3 Diagram of alignment distortion neural network. Four 2D matrices containing positional
encoding keys become four 3D tensors after passing through the embedding stage. The four
tensors are concatenated to produce the input for the neural network. We can see that there
are l, x I (in the diagram, /, x Iy = 9) encodings of possible alignments. Each encoding has
dimension 4d,,,4.;. The neural network is applied to each encoding of possible alignments.
To save space, the diagram shows the neural network being shown for the possible alignment
(i=1,j=1), highlighted in yellow.

2.7.2 Supervised learning & Viterbi training

Supervised learning and Viterbi training can be applied to the IBM Model 2 in similar ways as
for IBM Model 1. The log likelihood, which is needed for the neural implementation, is now:

le
logp(e,alf)=K+Y) (10gf(ej | fa(j)) +1og pma(a(j) | jale7lf> (2.39)
j=1

This simply requires the summation of relevant terms at the outputs of the lexical translation and

alignment distortion neural networks. The parameters are then optimised via gradient descent.
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2.8 Neural HMM

In earlier sections, we have already created a neural network which can model the emission
probabilities 7g(e; | f;). The transition probabilities can be modelled by a neural network in
a similar fashion to the alignment distortion model in IBM Model 2, except this time we are
considering jumps from one position to another in the source sentence. We also condition the
model on the length of the foreign word sentence. The pipeline for obtaining the transition
matrix values, prym e (ili’,1¢), is shown in Figure 2.4. Here we denote the size of positional
embeddings as D,ppeq imm»> and the size of the single hidden layer as Hypp. The diagram is
simplified: the actual implementation also contains a ‘start’ state to allow us to obtain estimates
for the initial distribution. Forward & backward probabilities, and Viterbi path probabilities

Parallel sentences: ‘la casa grande’ & ‘the big house’ ([, = [¢ = 3)

i values (‘to’ position) i’ values (‘from’ position) I values
11213 111 3/3 3
11213 2122 3/3 3
1123 3/3 3 3/3 3

dmodel

NN
(with
parameters 6)

[ —

la (1) casa(2) grande(3)

la(1) | anL3)  a211,3) | a3[1,3)

Each square represents

Neural HMM
alignment probability

Pumm.@ (ili'; If)

o
i lcasa (2) | a112.3) | al212.3) | a(312.3) PHMM,e(lll:If)

grande (3)| a(113.3) | a(213.3) | a3]3,3)

Fig. 2.4 Diagram of transition probability neural network for a neural HMM. The pipeline is
essentially identical to the alignment distortion model for IBM Model 2, except conditioning is
on the prior alignment variable rather than source position, and there is no conditioning on /,.

can be calculated by careful manipulation of the outputs of the neural networks. Dynamic

programming needs to be used.
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2.8.1 DML training

The neural HMM can be trained by DML, as the marginal likelihood can be calculated by
summing the forward probabilities at the end of the HMM trellis:

ly
— Y ai(l) (2.40)
i=0

2.8.2 EM training

Alternatively, as discussed in [20], a neural Hidden Markov Model can be trained by differentiat-
ing the auxiliary function. Using general HMM notation, the derivatives to be calculated can be

expressed as follows (this is the extended form of equations in [20]):

=~
D
N—
I
~™
)
—~
N
X
Q.)
QD
i
@]
agQ
S
N
N
D
S—

= Zp;?;;)—e<210gp X | 2,0) Zl(’gp<z’ |Zt‘1’9)>
, 0 t5<t J
= Zt"zp(z(txj)ﬁlogp x| 2,0 +ZZ Z e le = 76 tog Pl | 2-1.6) (241)

= Zzw;—elogp(xt | 2,0)

+§Z y az,_ (t = 1)p(z | z2-1) B, (t)p(xe | 1) 0

o p(x)

FT] logp(z | z1-1,0)

As noted previously, in the proper EM procedure, the posterior p(z | X) needs to remain unchanged
between batches, and only updated at the end of each epoch, after all of the training data has
been seen.

Using word alignment notation, the gradients can be expressed as follows:
%(j)Bi(j) o
ZZ l e lf elogte(e] |ﬁ)

+zzz‘“’ D DBAIELLID 2 tog g

| (2.42)
pe|f

2.8.3 Supervised learning

The HMM can be trained using supervised learning. The joint log likelihood takes the following

form:

le
logp(e,d,| 1) = )" (tole; | fa(j) +prmnn.o(a(i) | a(j— 1)) (2.43)
j=1
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hence all that is needed is a cross entropy loss functions between the emission & transition
probabilities and the ‘true’ emissions and transitions, which can be determined from the alignment

training data.

2.8.4 Viterbi training

Viterbi training takes a similar form to supervised learning, but the training data is replaced with
the current most likely alignment predicted by the model.

This can be accomplished by completing Viterbi decoding to find 4, and applying auto-
differentiation to the Viterbi path probability at the output node of @ on the Viterbi trellis

2.9 Measuring quality of alignment

An often referenced measure of word alignment quality is the alignment error rate (AER) [15],
which considers sure and possible alignment points. As GIZA made no distinction between the
two, a modified version of this measure was created based on GIZA++’s alignments, G, and the

alignments, A, predicted by the models created for this project neural alignments:

_2|GNnA|

AER =1 —.
(G +14]

(2.44)

| G |, for example, represents the number of alignments produced by GIZA++.



Chapter 3

Design of experiment

3.1 Language data

The parallel corpus used was a subset of the SciELO dataset, a corpus of over 700,000 sentences

which contains a range of biological and health texts in Spanish and English.

3.2 GIZA++ alignments

The performance of every model developed was measured against the alignments produced
by GIZA++ trained on the entire SciELO corpus. GIZA++ can produce 1:n alignments or
symmetrized n:m alignments. For this project, the 1:n English to Spanish alignments were used
(in agreement with the alignment setup introduced in Figure 1.1).

For each sentence pair, GIZA++ produced three lines: one line indicating the sentence pair
number, sentence lengths and an alignment score; one line stating the English sentence; one line
stating each Spanish e; with the index (or indices) j of the English word to which it was aligned.

Thus the GIZA++ output for the sentence pair ‘the big house’ and ‘la casa grande’ would be:
Sentence pair (1) source length 3 target length 3 alignment score: XXX
the big house
NULL ( ) la (1) casa ( 3 ) grande( 2 )

All the information necessary to extract the alignments is contained in the third line (as long
as we keep track of the relative orders of sentences). Therefore every third line of the GIZA
output file was processed to produce an array containing an array of indices j for each word in
position i. The array for the example above would be:

(L1, [o], (21, [11]

It is worth noting that indexing used by GIZA++ starts at 1, whereas it was decided to use
programming convention and start indexing at O for the alignment arrays. The arrays for each
sentence were themselves contained within a larger array in Python which contained the GIZA

alignments for every relevant sentence.
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Different arrays were created for training sets (for supervised training), the ‘test set’ (which
is a subset of the training set, as is customary in word alignment) and the ‘held out set’ which
contains only sentences that were never seen during training.

After sentences that are too long were discarded (this itself is discussed later), the indices
of the ‘test set’” were generated by randomly selecting 1,000 numbers between 1 and 50,000.
The indices of the ‘held out set’ were generated by randomly selecting 1,000 numbers between
500,000 and 600,000, as it was decided that certainly no model would be trained on more that
500,000 sentences. A random seed of value ‘1’ was set before each of these selection operations,

allowing this selection to be replicated across different experiments.

3.3 Computing resources

PyTorch was used for the neural network programming [16]. Most of the code was written and
run using Google Colaboratory !, which allowed free use of a Tesla K80 (updated to a Tesla T4
in the latter half of the project), although it had the downside of a runtime limitation of one hour,
making long computations difficult. Google Colaboratory, however, was sufficient to carry out
the development of the code.

Once the code was completed and ready for full experiments to be run, some of it was
executed on the CUED Speech Group cluster. This was particularly useful for experiments that

took several hours to run.

3.4 Symbolic Model 1 implementation

The first body of work completed for this project was to write code in Python to perform EM
training of the symbolic IBM Model 1. The pseudocode provided in [13] was used as a guide.
Versions using probabilities calculated in the natural and logarithmic domain were produced,

with no discernible performance difference.

3.5 Neural IBM Model 1 implementation

The next step was to implement the neural IBM Model 1, starting with DML training. Although
the first implementation was naively implemented using one-hot encoding of input words, natural
domain probabilities (instead of log probabilities) and batch sizes of 1, a more-sophisticated final
implementation is described here.

Due to memory constraints (i.e. to ensure the number of output nodes, Vg, was not so large
as to cause Out-Of-Memory (OOM) errors), the corpus was limited to the 50,000 most common

words, with all rarer words replaced with an ‘OOV’ token. Byte-pair encoding (BPE) [19] was

!Google Colaboratory can be accessed at this web address: https://colab.research.google.com/


https://colab.research.google.com/

20 Design of experiment

briefly discussed as a means of getting round the large vocabulary size, but it was not used due
to the difficulty of generating alignments for the IBM Models. As removing infrequent words
is a long process, this was done once, and the modified text was saved and used in all further
experiments.

The sentence length in all experiments was limited to no more than 50 words in both the
English and Spanish sentences for each sentence pair. As required by GIZA++, ‘NULL’ tokens
were added to the start of each Spanish sentence, and ‘DUMMY’ tokens were placed in any
empty sentences. It was arbitrarily chosen that the sentence length limit would be applied after
the ‘NULL” and ‘DUMMY’ tokens were applied.

The sentence length limit was applied due to memory constraints aswell, i.e. to ensure the
number of input nodes (I ,4x) Was not so large as to cause OOM errors on the GPU. Filtering
out long sentences is a quick operation and was done at the start of every experiment by taking
the intersect of the indices of each of the English and Spanish sentences which met the criteria.

This left more than 600,000 sentences which met the criteria.

3.5.1 Feed forward pipeline

The raw data at the start of each experiment is the sentence-aligned SciELO corpus (with limited
vocabulary and sentence length, as described above).

The training data was then selected. For all experiments in this report these were the first
50,000 sentences. The vocabulary used in each language training set was found by creating a
Python set of all of the words it contained. The list was then sorted (a not essential step, but
one which was deemed to be useful for intuition and debugging). A dictionary was then created
for each language, with the key being the word string, and the value being the word’s location
in the vocabulary. This dictionary was used to create a ‘lookup array’ for each sentence. An
example set of variables is (assuming /7 ;. = 4 across the entire dataset, and that our vocabulary
Vi contains only ‘casa’, ‘grande’, ‘la’, ‘pequefia’):

e_sentences[0] = ‘la casa grande’
lookup_array_e[0] = [3, 1, 2, 0]

The zero padding (note the 0 above to account for the disparity between Iy and 7 ) is
necessary to allow us to feed in sentences of different lengths within each batch.

The Pytorch Dataset class is used to define how data should be picked out, given a sentence
index which is picked by the Pytorch Datal.oader class (which simplifies dataloading, requiring
only parameters such as batch size, and whether shuffling is to be used). The Dataset class also
allows features to be extracted on the fly, such as determining sentence length by counting the

number of non-zero entries in the ‘lookup array’?.

2More detail on the use of the classes described can be found at this web address: https://pytorch.org/
tutorials/beginner/data_loading_tutorial.html


https://pytorch.org/tutorials/beginner/data_loading_tutorial.html
https://pytorch.org/tutorials/beginner/data_loading_tutorial.html
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The first stage in the neural network pipeline is the embedding layer. A PyTorch module
which automatically produces random embeddings given an index is used. The embeddings are
updated as training goes on.

The hidden layer, activation and log softmax at the output are applied quite trivially. The
activation layer was chosen to be the Rectified Linear Unit, the most widely-used activation
function [17]. A log softmax was used to switch operation to the log probability space, to
improve numerical stability. To remove the risk of weights being initialised sub-optimally, the
weights were initialised using Xavier initialisation [8] at the start of all experiments.

One nuance during model evaluation is that when the neural network is applied to the held
out test data, we need to be aware of the fact that the held out data contains words outside the
model’s vocabulary. A small script was written to convert these words to ‘OOV’ tokens at the

start of each experiment.

3.5.2 DML of neural IBM Model 1

The fact that sentences in a batch have different lengths had to be accounted for carefully
for each mode of training. This is because zeros in lookup arrays get converted to [O, ..., 0]
embeddings, but they have a non-zero output at the final layer (due to bias terms). These outputs
are arbitrary, and we want to make sure that we do not include them in our DML calculation.
Subject to the constraints of PyTorch, the implementation used for these experiments involved
replacing rows and columns for absent English or Spanish words (respectively) with either
torch.tensor([-float(np.inf)]) ortorch.tensor([float(0)]) depending on whether
the next operation on that element is torch.logsumexp or torch.sum respectively. These are
the log probability space equivalents of addition or multiplication, respectively, in the probability
space.

Although the proper expression for the marginal likelihood (cf. equation (2.10) includes the

constant this expression was not included during calculations, as it is independent of the

£
model’s parameters. Thus when the ‘marginal likelihood’ is referenced in the context of model
training, it is often an unnnormalised marginal likelihood value.
Once calculated, the DML can be auto-differentiated using PyTorch’s SGD functionality

[16].

3.5.3 Generating and evaluating model alignments

Model alignments were generated sentence-by-sentence. This process was much slower than
training due to the use of for-loops to iterate over sentences and words within sentences.. Different
DataLoader and DataSet objects had to be used for these, with shuffling turned off so that the
sentences could be matched with their GIZA++ counterparts.

For each sentence, a dictionary was created with a key for each Spanish word. Values were

initialised to an empty array. The code then looped through each English word, found the Spanish
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word corresponding to the highest lexical translation probability, and appended the index i of the
English word to value array of the j-th key.

For the { ‘NULL Ia casa grande’, ‘the big house’} example, the dictionary with the correct
alignment would be:

o: [171, 1: [o], 2: [2], 3:[1]

The keys are necessary during the alignment generation process, but are not needed subse-
quently. We can initialise an empty model alignment array, and then pass through each key in
numeric order, appending its value to the model alignment array. This array is now in the same
format as the array extracted from GIZA++.

To calculate the AER, we loop through each sentence and compare alignment arrays, main-
taining a running total of | G |,| A | and | GNA |. After all relevant arrays have been compared,

equation (2.44) is applied.

3.5.4 Viterbi training of neural IBM Model 1

An additional wordpairDataset class was defined (by extending the Dataset class) so that
specific word pairs could be fed in. The word pairs were generated from model alignments,
which themselves were generated by reusing the code mentioned above. The NLLLoss (negative
log likelihood loss) function provided by PyTorch was used to train the model on the alignments
which it considers most probable.

The Viterbi training used here was a slight modification of that described in section 2.1.4,
because SGD was applied on a batch-by-batch basis, so it was only guaranteed that the joint
likelihood of that batch data would be increased.

3.5.5 Supervised learning of neural IBM Modell

The implementation was very similar to that for Viterbi training. Word pairs were produced from
the GIZA++ alignment matrices. As word pairs only needed to be produced once, as opposed to

every epoch, supervised training was faster than Viterbi training.

3.6 Neural IBM Model 2 implementation

Implementing the neural IBM Model 2 involved completing the feed forward pipeline for
the neural IBM Model 1 output as described above, to produce an output matrix which we
shall call t_pred. A separate neural network was created to model alignment probabilities
pm2,6(i| j,le,1f), for which the structure is shown in Figure 2.3.

To obtain the positional encodings during training, a matrix PE was created with element

values determined by equations (2.37) and (2.38).
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The matrix that was outputted for each batch of the second neural network is called
p_M2_pred. To calculate the model 2 DML, the outputs of the two neural networks need
to be multiplied correctly.

A derivative of the t_pred matrix, t_pred_useful, was obtained as shown in Figure
3.1. This is in the correct form to carry out element-wise addition (it is addition and not
multiplication, because we are in the log probability space at this stage) between t_pred_useful
and p_M2_pred. The probabilities that result are the probabilities needed to predict alignments

(cf. 2.20). The elements are then summed and multiplied in the same way as for IBM Model 1.

t_pred t_pred_useful

big  house small the the big house - - lonax =5

lf,max =4
la la 0/-c0 | 0/-c0
casa casa 0/-0 | 0/-%

)
grande grande 0/-c0 | 0/-0 0/-w0 signifies
0/ 0 in probability space
0/-00 | 0/-00 | 0/=c0 - oo 0/ | 0/-0 | 0/~ | -o0 in log probability space

Fig. 3.1 Diagram to show how t_pred is transformed into t_pred_useful (simplified to a
one-sentence example - in actual fact both matrices are 3-dimensional).

3.7 Neural HMM implementation

The feed-forward aspects of the neural HMM were very similar to the neural IBM Model 2. A lot
of thought had to be put into the next steps: how to carry out the forward algorithm (to calculate
the marginal likelihood), how to carry out Viterbi decoding (to produce alignment predictions),
and how to calculate posterior probabilities (in order to carry out Expectation Maximisation).

Some of these aspects are included in this section.

3.7.1 DML for neural HMM

This required the forward algorithm to be completed, after which the sum of the forward
probabilities at the end of the HMM trellis were used to compute the model’s gradients (cf.
equation 2.40). A diagram of how this was done is shown in Figure 3.2. Note that the initialisation
probability matrix (commonly denoted as ) has been incorporated into the transition matrix,
which has the variable name p_HMM_pred.

Viterbi decoding then had to be completed in order to produce the model’s alignment

predictions, so that the AER could be calculated.
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I

Calculating a values a,(j) = Z ap (= 1) Pupam 17, 4) (e |12)

i'=0

;| —

o the big house - -
Initialisation: T
@;(1) = pran (10, 1) t(ey If;) la | alpha_matrix[:,i,3] =
sum(alpha_matrix[:,:,j-1] #*
alpha_matrix[:,:,1] = pi_matrix * casa _~p_HMM_pred[:,1:,i+1] *
t_pred_useful[:,:,0] lgrande - ~ | t_pred_useful[:,i,j])
i - |

alpha_matrix — |

the big house - - _— |

- _,-f——--"""gfél_f’t{- la  casa grande - \ )
la T 1 0 1 2 3 a4 the | big house

casa start 0 pi _matri a Y

grande la1 / casa
casa 2 9 grande
grande|

alpha_matrix 3
-4 t_pred_useful
p_HMM_pred

Calculating Viterbi values vi(7) = maxvy (i = 1) prasa (0 17,17) t(ei |fi)

viterbi_matrix[:,i,j] = max(viterbi_matrix[:,:,j-1] *
p_HMM_pred[:,1:,i+1] *
t_pred_useful[:, i, j])

Keep track of backpointers (argmax) to be able to produce the model’s predicted alignments.

Fig. 3.2 Calculation of o values, which are stored in a (batchsize X Lt yayx ¥ le max) matrix
alpha_matrix, drawn here without the first dimension).

3.7.2 EM

Carrying out EM required the calculation of 8 values, which were calculated in a similar fashion
to the o values, but required extra care regarding the variable sentence length (as 8 had to be
initialised to a probability of 1 at the last word in the English sentence. A diagram of how
dynamic programming of 8 values was implemented is shown in Figure 3.3.

The auxiliary function was calculated as in equation (2.42). The most difficult step to
visualise is the calculation of ay(j — 1)a(i | i')Bi(j)t(e; | fi) before summation over 7,1, j is
carried out. This was done by creating a 3D matrix as shown in Figure 3.4.

The optimisation technique used was a form of GEM - with each step it was not attempted to
maximise the auxiliary function, only to find a set of parameters which increased it.

An attempt was made to accumulate the posteriors over the entire epoch, however, this
resulted in numerical instability. A simpler attempt in which the posteriors varied with each
batch (as discussed in section 2.1.3) gave a converging result: this is the result shown in this

report.
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Calculating 8 values B () = Zp;,-m(i i, 67) t(eee |F) BiG+ 1)
- P

the big house - -

la 1/0 |0/~o00/~c0 beta_matrix[:,i_prime,j] =
X signifies v sum(p_HWM_pred[:,i_prime+l,1:] *
/y casa 1/0 |0/e5l0/~9 t_pred_usefull[:,:,j+1] *
x in probability space | grande| 1/0 [0/-0o{0 /o9 beta_matrix[:,i,j+1])
y in log probability space L |
- |0/-00|0/-00{0 /~c0|0 /~00{0 /ooy I\
start la  casa grande - beta_matrix

0 1 2 3 4

start 0 /
the big house - -

lal
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casa 2 the big house

casa
grande| la et

3 grande

-4 casa

p_HMM_pred beta_matrix

t_pred_useful

Fig. 3.3 Calculation of B values, which are stored in a (batchsize X lf max X le max) matrix
alpha_beta, drawn here without the first dimension).

iz

. . ;15 . For each sentence, there are 3
Calculating . (j — 1 ili'l () tle; |f: N . ;"
By~ 1) P (@ 17 1r) BiG) t(ey |f) dimensions to consider: i 1
alpha_matrix[:,:,:-1] p_HMM_pred[:,1:,1:] beta matrix[:,:,1:] t_pred_useful [:,:,1:]
the  big house - la  casa grande - big h
1 2 3 4 big house - - ig house -
la
la1l la la
casa
casa 2 casa casa
grande
Bfaaf‘de grande| grande
-4 - -

Y,

—_—
replicate matrix
in this direction

Do element-wise multiplication (summation in log probability space) of these
four ¢ ax X e max X (f jnax — 1) matrices

Fig. 3.4 Calculation of a;(j — 1)a(i | i')Bi(j)t(e; | f;) before summation over ¢/, i, j.



Chapter 4
Experimental techniques & results

To restrict the search space, all neural models had one hidden layer. Continuing with notation
introduced in chapter 2, embedding and hidden layers sizes are denoted by Deuped, m1, Hui;
Dembed, m2> Hm2s Demped, HMm» Hapy for the lexical translation probability, neural IBM Model
2 alignment probability and neural HMM alignment probability neural networks.

All of the following models were trained on the same 50,000 sentences in the SCiELO dataset

(apart from where stated otherwise).

4.1 Symbolic IBM Model 1, comparison with neural Model 1

The symbolic IBM Model 1 which was implemented in Python at the start of the project was
trained on the largest reasonable dataset: 1000 sentences were used to get the balance of a large
amount of data (hence, most likely, a better AER) and short enough computing time. The training
time for 1000 sentences was 8.5 hours. The results for both are shown in Figure 4.1.

The 1000-sentence training set used here is the same as the 1000-sentence ‘training subset’
in all other experiments, allowing for direct comparison of AER between all models. The plotted
‘negative log marginal likelihood values’ can be compared directly within the same model family
(i.e. within IBM Model 1, Model 2 and HMM results). This is because the likelihood values
plotted for the IBM Model 1 and Model 2 are unnormalised. For the IBM Model 1, the marginal
likelihood plotted is in fact the value Hé?zl Zf’; ot(ej| fi) (ctf. equation (2.10)). The normalising
constants W are the same across the same set of sentences, hence direct comparisons can be
made across all IBM Model 1 results.

The learning rate used for neural model training is 1073, which is the same for all other
neural models in this section, unless otherwise stated. The symbolic IBM Model 1 shows classic
EM behaviour, converging within just a few epochs. Although this beats the the neural IBM
Model 1 in terms of number of epochs to converge (2 epochs compared to 40), the neural IBM

Model 1 converged much faster in terms of time taken: training and computing likelihood and
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Symbolic Model 1, EM training, 1000 sentences Neural Model 1, DML optimisation, 1,000 sentences
Demped,m =100, Hup =100
130000 90 130000 90
—— Training set marginal likelihood —— Training set marginal likelihood
160000 Held out test set marginal likelihood -85 160000 Held out test set marginal likelihood -85
—— Training set AER —— Training set AER

| likelihood
=
=
[=]
=]
=2
(=]

Held out test set AER 80
= 120000 —

140000 Held out test set AER 8o
120000 L
100000 1 | L 70

Negative log marginal likelihood

E 100000 05 =
g 80000 < 80000 Les <<
L 60000 60000
= &0
T 40000 40000
= 55 55
20000 20000
T T T T T T T T T 50 T T T T T T T T 50
10 15 20 25 30 s 40 45 5.0 o 10 20 k] 40 50 2] 70
Epoch Epoch
(a) Symbolic IBM Model 1 trained by EM (b) Neural IBM Model 1 trained by DML

Fig. 4.1 Evolution of marginal likelihood and AER for symbolic and neural IBM Model 1 trained
on 1,000 sentences.

AER took almost 2 hours per epoch for the symbolic model, whereas all 75 epochs of the neural
model were completed within 9 minutes.

Both graphs show overfitting: after a few epochs, the marginal likelihood of the held out test
set begins to increase for both models. The AER of the held out test set also gets worse for the
neural model, although it remains approximately constant for the symbolic model.

It is interesting that for the neural model, the marginal likelihood of the training set continues
to decrease noticeably even after the training set AER has converged, highlighting the fact that
the desired quantity (AER) does not necessary track the training criteria (marginal likelihood).

4.2 Neural IBM Model 1

4.2.1 DML

Combinations of different embedding and hidden layer sizes were investigated for the neural IBM
Model 1 trained by DML. The values chosen for testing were Dypeq, 1 € [50,100,500] and
hidden layer size Hys; € [50,100,500]. The results are shown in Figure 4.2. The best performing
model architecture was D,peq, 1 = 100, Hy1 = 500, which had an average AER of 39.00% in
the last 10 epochs. To reduce computation time, the slightly smaller but reasonably-performing
architecture of Depeq, m1 = 100, Hyp = 100 was chosen for the lexical translation model of
future experiments. This architecture’s results are in the central panel of Figure 4.2.

We can see in the plots that for this amount of training data, 50 epochs were sufficient for

both the AER and the marginal likelihood to converge.
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Fig. 4.2 Evolution of marginal likelihood and AER of neural IBM Model 1 trained by DML
optimisation

4.2.2 Viterbi training

Viterbi training of the neural IBM Model 1 was carried out, with the neural network initialised
randomly. The results are shown in Figure 4.3. Although the negative log marginal likelihood is

not the variable used to train the model, it decreases anyway.

4.2.3 Supervised learning

Supervised training of the neural IBM Model 1 was carried out, with training data obtained from
GIZA++ alignments. In order to speed up convergence, a learning rate of 10~2 was used, hence
the slightly more bumpy graphs. Results are shown in Figure 4.4. Again, we see a similar trend
were the marginal likelihood improves despite it not being the training criterion.

The final training set AER is 30.1% (averaged across the last 5 epochs), significantly lower

than the previous, unsupervised models.

T 8 B8 8

8
AER (%]}
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Fig. 4.3 Evolution of joint probability, marginal likelihood and AER during supervised neural
Model 1 training.
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Fig. 4.4 Evolution of joint probability, marginal likelihood and AER during supervised neural
Model 1 training.

4.3 Neural IBM Model 2

4.3.1 DML

The neural IBM Model 2 was trained with DML optimisation, with both neural networks
initialised randomly. The marginal likelihood and AER plots are shown in Figure 4.5. Strictly
speaking, the ‘negative log marginal likelihood’ plotted is offset from the true value: the metric
being plotted is in fact Hi?zl Zf’: ot(ej| fi) pm2(i| j,le,lr), without a normalising constant (cf.
equation (2.18)).

The lexical translation probability neural network had parameters Deyypeq, m1 = 100, Hyp =
100, and the alignment probability network had parameters D.,,peq, 2 = 100, Hyp = 50. The
learning rate for the alignment probability network parameters was set to 10~* (and remained

at 1073 for the other network). Informal experimentation with different combinations of these
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hyperparameters suggested that training is quite sensitive to them: if the alignment probability

network was too large or had too large a learning rate, it would not converge to a low AER. As

Neural Model 2, DML optimisation, 30,000 sentences
Depped 1 = 100 Hyp = 100; Demped, mz = 100, Hiz =50
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Fig. 4.5 Evolution of marginal likelihood and AER during neural IBM Model 2 training by DML
optimisation

expected, the final AER of the neural IBM Model 2 (31.76%) is lower than the simpler neural
IBM Model 1.
For interest, Figure 4.6 shows the outputs of the alignment probability matrix for a neural

network trained on a smaller dataset (10,000 sentences with [ < 30, [, < 30).
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25

o 5 10 15 0 5

(a) After Ist epoch (b) After 25th epoch (c) After 50th epoch

o 5 10 15 20 5

Fig. 4.6 Output of the alignment probability network (of neural IBM Model 2) for a sentence
with [y = [, = 30 over the course of model training. This output will apply to any sentences with
those lengths. Lighter areas have a higher probability mass. Spanish sentence indices i are along
the vertical axis and English word indices j are along the horizontal axis (cf. Figure 2.3).

4.4 Neural HMM

44.1 DML

The results of a neural HMM trained by DML optimisation are shown in Figure 4.7. The

parameters of both neural networks were initialised randomly. The marginal likelihood here is



4.4 Neural HMM 31

the normalised value, obtained by equation (2.40). The parameters used here and in the following
section are similar to the previous section: Deppeq, 1 = 100, Hyp = 100 and Deppeq, Hum =
100, Hyya = 50, with learning rates of 1072 and 10~ for the parameters of the respective
models. As we would expect, the best AER of the neural HMM (37.35%) outperforms the AER
of the best (unsupervised) neural IBM Model 1. The Viterbi probability matrix predicted by the

Neural HMM, DML optimisation, 50,000 sentences

Dombed . =100, Hpr = 100; Dembeg, Haw = 100, Hyuy =50
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Fig. 4.7 Evolution of marginal likelihood and AER during neural HMM training by DML
optimisation. The model was run for less than the usual 50 epochs due to the longer training time

neural HMM after the last epoch of DML training (the 34th epoch in this case) for the sentence
pair ‘all ethical aspects were considered” and ‘todos los aspectos éticos fueron contemplados’ is
shown in Figure 4.8.

The outputs of both neural networks for the same sentence pair (and also after the final epoch)

are shown in Figures 4.9.

442 EM

The evolution of the marginal likelihood and AER of a neural HMM trained by Generalised
EM are shown in Figure 4.10. Again, the parameters of both neural networks were initialised
randomly. As discussed in sections 2.1.3 and 3.7.2, the fact that we update the posterior on
a batch-by-batch rather than epoch-by-epoch basis means that there is no guarantee that the
likelihood of the training data will increase. However, the model is able to learn reasonable
alignments with a minimum AER of 37.91 %, and the marginal likelihood of the training subset

does increase.
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Viterbi (log) probability matrix for given sentence pair
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Fig. 4.8 Viterbi probability matrix for the sentence pair ‘all ethical aspects were considered’ and
‘todos los aspectos éticos fueron contemplados’. Lighter colours indicate a higher probability
mass. A white asterisk (‘*”) is drawn on the alignment predictions (i.e. the maximum probability
in each column).
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Fig. 4.9 Visualisation of output of neural HMM networks for the sentence pair ‘all ethical aspects
were considered’ and ‘todos los aspectos éticos fueron contemplados’. Lighter colours indicate a
higher probability mass.
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Fig. 4.10 Evolution of the marginal likelihood and AER during EM training of a neural HMM.



Chapter 5

Discussion

5.1 Symbolic IBM Model 1, comparison with neural Model 1

As the only experiment comparing the performance of a symbolic alignment model with its
neural counterpart, it is interesting to note that the symbolic IBM Model 1 outperformed the
neural IBM Model 2 with an AER that was lower by 5 %. This is perhaps not a fair comparison,
as the models may have different relative performances with different amounts of data and,
assuming that more data improves performance, the neural model has the advantage of being
much quicker to train, even on large amounts of data. It is interesting to note that whereas
convergence of the symbolic Model 1 took 3.5 hours, the neural model reached convergence
within 5 minutes.

Furthermore, as no methodical search for the best neural architecture for this training set
size was undertaken, it is possible that the neural model can achieve a better AER. This itself
brings up an advantage that the symbolic IBM Model 1 has over the neural model: it requires no

hyperparameter tuning, at least in this basic setup.

5.2 Neural IBM Model 1

5.2.1 DML

It is interesting to note that the variation in performance of the different architectures investi-
gated was quite small: the converged training subset AER values spanned from 39.00% (for
Denbea. m1 = 500, Hyyp = 100) to 44.13 % - a range of just over 5%.

As the best-performing neural architecture is on the edge of our search space, it is possible
that the AER may be improved further by training on even larger networks, but as that would
also increase training time, and the focus of this project was comparing different kinds of models,

larger networks were not tested.
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5.2.2 Viterbi training

As Viterbi training is ‘hard” EM, one would expect Viterbi training to converge slower than EM.
One would also expect expect EM to converge slower than DML (as EM is an indirect way of
maximising likelihood), so it is not surprising that Viterbi is slower to converge than DML. It
is also not surprising that the performance of Viterbi training is worse, both in terms of AER
and marginal likelihood, as Viterbi training may get stuck in a local optimum, depending on the

initialisation.

5.2.3 Supervised learning

The supervised learning results give an indication of the best performance we can expect from
this network from a good enough signal. Potentially the AER could be reduced even further
with a larger network, but we would expect a considerable error rate to remain due to inherent
insufficiencies in the IBM Model 1, such as its inability to decide on the best alignment if the
same word pair occurs more than twice in a sentence: for example, in the sentence pair ‘the cat
and the dog’ & ‘el gato y el perro’, when picking alignments for ‘the’, the IBM Model 1 cannot

distinguish between the first and second ‘el’.

5.3 Neural IBM Model 2

5.3.1 DML

It is reassuring to see a clear performance boost in the neural IBM Model 2 (Figure 4.5) compared
to the IBM Model 1: even though it is unsupervised, the neural IBM Model 2 does almost as
well as the supervised neural IBM Model 1.

The results in Figure 4.6 show how the alignment probability model learns that words in
English tend to be aligned to words in Spanish that are in a similar location in the sentence,
hence the diagonal structure that emerges. It is interesting to note that the lower left corner is

quite distinct, as punctuation marks at the end of sentences should be aligned with each other.

5.4 Neural HMM

It is noticeable that although the negative log marginal likelihood follows a general trend of
decreasing and then converging, the AER falls and then rises. This is another instance when the
behaviour of the desired quality does not track the training criteria. The optimal AER values
occur at around the S5th epoch. This is consistent with symbolic HMM training with EM, for
which normally only 5 EM iterations are carried out [5].
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54.1 DML

It is not surprising that the neural HMM performs better than neural IBM 1. We would expect
the neural HMM to perform better than the neural IBM Model 2 as that tends to be the case for
the symbolic models [15]. The neural HMM performs slightly worse than the neural IBM Model
2 in these experiments. This may be due to the hyperparameters being suboptimal for the HMM,
or perhaps it has got stuck in a local minimum during training.

The plots in Figures 4.8 and 4.9 provide an interesting insight into what the model learns.
The alignments for the first 4 English words (‘all’, ‘ethical’, ‘aspects’ and ‘were’) are correct.
The word ‘considered’ should be aligned to ‘contemplados’ (and it very nearly is, as the Viterbi
probability in location (‘fueron’, ‘considered’) has almost the same value as the probability
in location (‘considered’, ‘contemplados’)). This is not particularly surprising as the word
‘contemplados’ is a participle, which must be preceded by an auxiliary verb such as ‘fueron’.
If these two words commonly co-occur in , then it will be difficult for the lexical translation
probability to decide whether ‘fueron’ or ‘contemplados’ is a translation of ‘considered’. Indeed,
we can see that the lexical translation probabilities for these two possible word pairs are very
similar in Figure 4.9a.

It seems that the model has made a similar mistake by aligning the full stop with the ‘NULL’
token. Because the full stop is present in most of the sentences in the corpus, the ‘NULL’ token
and full stop will co-occur very frequently.

As expected, there is a noticeable diagonal structure in Figure 4.9b as we would generally
expect the latent variable i to make small ‘jumps’ between English word positions j.

Finally, it is worth pointing out again that Figures 4.8 and 4.9 are derived from the HMM
model at the end of epoch 34 in Figure 4.7. It is quite possible the plots from around the 5th

epochs would be more accurate.

542 EM

It is clear in Figure 4.10 that the negative log marginal likelihood decreases during training, even
though we are not directly optimising for it.

It was mentioned in by Tran et al. [20] that neural HMMs for part of speech tagging trained
by EM took longer to converge and performed slightly worse than neural HMMs trained by DML.
For word alignment, the neural HMM trained by DML does have a slightly lower best AER, but
by a very small margin. It is also difficult to comment on the convergence of the models, as the
two examples we have seem to converge to a worse AER than at their peak. Thus there is not
sufficient evidence to concluded whether the comment about performance and accuracy of DML

and EM applies to neural HMMs trained for word alignment.



Chapter 6
Conclusion

Over the course of this project, neural versions of IBM Model 1, IBM Model 2 and the HMM
were developed and trained using different methods: Direct Marginal Likelihood, Expectation
Maximisation, Viterbi training and supervised learning.

Positional encodings were used to model the alignment probability distribution which allowed
us to consider alignment probabilities in terms of the absolute positions of words rather than
their relative positions, as is normally the case.

This use of positional encodings has allowed us to intuitively see the model learning the
structure of alignment probabilities. As we have used English and Spanish which have quite
similar word order grammar rules, the IBM Model 2 and HMM learnt to produce diagonal
alignment probability distributions. It would be interesting to apply these models to languages
that have a less similar word order to English, such as Japanese and Mandarin.

The best AERs of the neural IBM Model 1, IBM Model 2 and HMM were 39.00%, 31.76%
and 37.35% respectively. As expected, both the IBM Model 2 and the HMM outperform the IBM
Model 1, although one would also expect the HMM to outperform the IBM Model 2. However,
this report explored a very narrow set of possible hyperparameters, so it is difficult to draw
conclusions about the relative performance of these neural models, and it would be interesting to
do a more comprehensive hyperparameter search to better understand how accurate each family

of models can be.
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