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Part I

AN HISTORICAL PERSPECTIVE
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@ WHAT A LONG STRANGE TRIP I'T’S BEEN! (I)

1934 2 patents for “translation machines”: Georges
Artsrouni Peter Petrovitch Trojanskii

1940 MT as one of the 1st applications of informatics.
Pioneers: Weaver, Booth & Richens

1949 Warren’s Weaver’s memorandum Translation

Electromechanical translation machine known as

outlining 1 formal methods can

the “mechanical brain”, Musée des arts et métiers —
beused, (i) usc of cryptography and (iv) meaning independent of language

©CNAM / Photo Héléne Mauri.

l& WHAT A LONG STRANGE TRIP IT’S BEEN! (2)

1954 IBM-Georgetown experiment: 60 Russian
sentences translated into English from (250 words
and 6 syntactic rules)

“five, perhaps ths henct conversion

" (IBM press
release)

1960 Bar Hillel’s report on MT
“Th " v

1966 ALPAC report

A russian sentence to be translated by the

IBM-Georgetown experiment source
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@ THE 4 MACHINE TRANSLATION PARADIGMS @ THE 4 MACHINE TRANSLATION PARADIGMS
Statistical MT word- and phrase-based systems
Rule-Based approaches rules to describe how
« » ; < rely on counts of words &
to “transform” a sentence in a 1 hine learni
source language into a sentence (vaguely) on machine learning
in target languages < both monolingual (language
< symbolic IA model) & bilingual (translation
Y model)
< main approach until 1990 / .
2000 < main approach between
2000-2015
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@ THE 4 MACHINE TRANSLATION PARADIGMS

Neural Machine Translation

< the deep learning revolution in
NLP

@ THE 4 MACHINE TRANSLATION PARADIGMS

Large Language Models

< rely on transformers &
multilingual language models

< the future...
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[& FirsT THINGS FIRST: PARALLEL CORPORA l& PArRALLEL CORPORA
SoME CORPORA
* Parallel data: (generally) sentences in one * Institutional Corpora
language aligned with translations <> ® Europarl (22 languages) Orus
* Generally, translations produced by < B MultUN (7 languages) * https://opus.nlpl.eu/
humans « Subtitles & & OpenSubtitles (1,782 * 1,210 corpora
< Translations exhibit different properties languages pairs) * 45,945,946,108 total sentence pairs
from original texts (“translationese”) o Mi . :
’ ST Mined Corpora 744 languages available OPEN PARALLEL CORPORA
< The quality of translations is variable < [ ParaCrawl (42 language pairs)
* Training data and evaluation data < E CCMatrix (1,200 language pairs)
< EINLLB (1,600 language pairs)
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‘& CREATING PARALLEL CORPORA @ A CLEAR MESSAGE
* creating parallel data is hard & tedious
* many heuristics and know-how
* pipeline sketch
— identify documents that are translations * mining for parallel resources is still an
of each other open issue
— find sentences that are translation of L . -
h oth * mining for supervised data is still the best
each other :
< lot of filtering (e.g.: keep only 1:1 way to improve a ML system
translation, filter out bad translation, ...) < look at Whisper
« tradeoff between precision and recall
< for the moment: improve precision as
much as possible
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@ ExaMrLE: THE No LANGUAGE LEFT BEHIND PROJECT (1)

No Language
Left Behind

Driving inclusion through the power of Al translation

* https://ai.meta.com/research/no-language-left-behind/

@ ExaMPLE: THE NO LANGUAGE LEFT BEHIND PROJECT (1)

* a190-pages paper ! (NLLB
Team et al. 2022)

* most of the paper/work =
collecting data

1. seed data = parallel data
2. data augmentation method
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@ 2"” EXAMPLE: G1ot500
Part II
* (Imani etal. 2023)
& largest LLM (in terms of number of
languages) StatisTicaL MT
< main question: how to find & filter out
data for enough languages
12/80 13/80
lél StatisticaL MT [Al WoRrp-BAsED MODELS
* Main idea: find the translation candidate 7 that maximizes the probability of being the * Translation probabilities at the word-level: decompose P(s|¢) into lexical translation
translation of a source sentence s probabilities (i.e. probability of translating/generating a single word)
. * Requires the notion of word alignments
t=arg r;ax P(z]s) (1) * IBM models 1-6 of increasing complexity (Brown et al. 1993) s success ofstisical model in NLP)
re
- noisy channel model 1-to-1 alignment 1-to-m alignment
o with Bayes rule: The ducks were little Three went \o\(own
;= argmaxP(tLr) Les canards étaient petits Trois  sont allés en ville
reT
P(s|t) x P(¢) n-to-1 alignment n-to-m alignment
= argmax —————
eT ) The eldest one is  still _there Two ducks came back
sagma Pl x P() | T | IX
€T anslation model ]angm“g;nodel L ainé y est toujours Deux canards sont rentrés
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@ FORMALIZATION OF THE WORD ALIGNMENT TASK

Given a source sentence s = sy, 5, ..., Ss| and a target sentence t = 1, 4, ..., 8 find which target
word is translated by which source word.

< the choice of the source and the target sentence is arbitrary

< we are only interested in the alignment

@ LEARNING ALIGNMENTS

WHAT WE HAVE...
* parallel corpora: alignment at the sentence
level
* but um no alignment at the word level
— notalways possible
— tedious

= unsupervised learning
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@ THE ALIGNMENT FUNCTION (I) l& THE ALIGNMENT FUNCTION (2)
Source: das; Haus, isty klein,
klein, sty das; Haus,
Target: the; house, is3 smally
the; house, is; smally
< formally, an alignment is a function from [1, |t|] to [1, |s|]:
a={1->12—>23—> 34— 4} a={1->32—> 435241}
< Warning: 4 is not symmetrical!
18/80 19/80
@ THE ALIGNMENT FUNCTION (3) @ THE ALIGNMENT FUNCTION (4)
das; Haus, ist; klitzeklein,
! 23 * the; poor, don’ty have, anys money,
the; house, is, vei small
! 2 R s les; pauvres, sont; démunis,
Can no longer be represented!
a={1->12->23>3;4—> 45— 4}
20/80 21/80




@ AN IMPORTANT DETAIL

THE ALIGNMENT TASK

For every target word find the source word (including
NULL) that has ‘generated’ it

22/80

@ AN IMPORTANT DETAIL

THE ALIGNMENT TASK

For every target word find the source word (including
NULL) that has ‘generated” it

< the model is inherently asymmetric... youcannotinvere source

and target
< ... butalignments are symmetric!

< symetrize alignment in a second step

< two step process = modeling easier

22/80
[& IBM 1 MoDEL l& ExXAMPLE
sl 5 = maison s=est s =petice
ASSUMPTIONS t 4()s) t 8(rls) t 8(rs) t B(r|s)
the 07 house 08 is 08 small 04
* model the probability of generating the target sentence and the alignment knowing the dat 015 building  0.16 s ol lile 04
which 0.075 home 0: exists 0.02 short 0.1
source sentence who  0.05 houschold  0.015 his 0015 minor 006
this 0.025 shell 0.005 are 0.005 pery 004
* using only the probability to translate a given source word by a target word: 6(¢|s)
* assuming that each target word is generated independently < Probability of aligning 1a maison est petiteandthe house is small
monotonically:
MobEL
[t| p(t,als) o 6 (the|la) x 6 (house|maison) x & (is|est) x 6 (small|petite)
pltals) « Hﬁ(zflla(,)) «0.7%0.8%0.8x0.4
=
«0.179
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‘& ALIGNING TWO SENTENCES (I) lA[ ALIGNING TWO SENTENCES (I)
Amm A
Given two sentences, s and t and an alignment table , find the word alignment between the Given two sentences, s and t and an alignment table 0, find the word alignment between the
two sentences two sentences
Maximum a posteriori:
a" = argmax p(als,t; ©) (2)
a
[t
= argmaxHﬁ(thra(j)) 3)
a G
< max of a product of independent terms
< eachterm € [0,1]
= max when each term is maximal
25/80 25/80




@ ALIGNING TWO SENTENCES (2)

5=l 5 = maison s=est s =petite
‘ 6(els) ‘ 6(els) ‘ 6(tls) i 6(tls)
the 07 house 08 is 08 small 04
thar 015 building  0.16 s 0.16 lide 04
which 0,075 home 0.02 exists 002 short 0.1
who 005 houschold 0,015 has 0015 minor 0.6
this 0.025 shell 0.005 are 0.005 pery 004

alignment between 1a maison est petiteandthe house is small?

@ TRANSLATION PROBABILITY

o G(¢ls):

< probability of translating s by #

< for each source word s: dictionary mapping target words to probability
* follows the basic rules of probabilities:

< Vst 6(t]s) € [0,1]

o Vs 3. 0(t]s) =1
* 0(t|s) = parameters of the model

< have to be estimated from the data
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@ LEARNING TRANSLATION PROBABILITY l& LEARNING TRANSLATION PROBABILITY
wive whiv
> 2 > 2
- 1. if we know the alignments (ic.superised lsrning) - 1. if we know the alignments (ic.supervised arning)
§ < easy to estimate the translation § < easy to estimate the translation
N probabilities N probabilities
# # 2. if we know the translation probabilities
< easy to find the alignments
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‘& LEARNING TRANSLATION PROBABILITY @l LEARNING TRANSLATION PROBABILITY
) . 1. if we know the alignments (ic.superviscdlarning)
Y 1. if we know the alignments (ic superised laming) YL > easy to estimate the translation
< easy to Eas'timate the translation e probabilities
) probabilities ) o 2. if we know the translation probabilities
# 2. if we know the translation probabilities »  easy to find the alignments
~ < easy to find the alignments ~ .
- ) - but we know neither of them!
but we know neither of them! \ .
) e d < incomplete data
= t
= fncomplete data = < latent/hidden variables
< latent/hidden variables .
P b = EM algorithm
28/80 28/80




@ EM ALGORITHM: INTUITION

Given a corpus:

@ EM ALGORITHM: INTUITION

Given a corpus:

la maison -+ la maison bleue la  fleur la maison -+ la maison bleue - la fleur
- the house -+ the blue house - the flower - - the house - the blue house - the flower -
1. assume all alignments are equally likely
29/80 29/80
@ EM ALGORITHM: INTUITION @ EM ALGORITHM: INTUITION
Given a corpus: Given a corpus:
i i la maison - la maison bleue -+ la fleur
la maison -~ la maison bleue la. fleur
- the house -+ the blue house - the flower -
- the house -+ the blue house - the flower -
1. assume all alignments are equally likely
1. assume all alignments are equally likely 2. estimate the translation probabilities and predict alignments accordingly
. . o . . . < model learns that 1a is often aligned with the
2. estimate the translation probabilities and predict alignments accordingly < the alignment between 1a and the is reinforced
< the alignments between 1a and other words become weaker
29/80 29/80
lél EM ALGORITHM: INTUITION [Al SUMMARY
Given a corpus:
la maison -+ la maison bleue la fleur We can estimate @ with an iterative two steps procedure (EM algorithm):
1. apply the model to the data (E-step)
< using the current value of the parameters estimate the value of the hidden variables (here
alignment)
- the house - the blue house - the flower - 2. estimate model from data (M-step)
< take assign values as fact
< collect counts (weighted by probability)
1. assume all alignments are equally likely < estimate model from count
2. estimate the translation probabilities and predict alignments accordingly These two steps are repeated until convergence.
3. iterate steps 1 & 2
< it becomes apparent that the alignment between f1eur and f1ower are more likely (pigeon
hole principle)
29/80 30/80




@ AN HISTORICAL NOTE: THE EM ALGORITHM

Maximum Likelihood from Incomplete Data via the EM Algorithm

By A. P. Dempster, N. M. LAIRD and D. B. Rusiy
Harvard University and Educational Testing Service
[Read before the ROYAL STATISTICAL SociETY at a mesting organized by the RESARCH
cTion on Wednesday, December 8th, 1976, Professor S. D. SiveY in the Chair]
SuMMARY

A broadly applicable algorithm for computing maximun likelihood estimates from
incomplete data is presented at various levels of generality. i

grouped, censored or truncated data, finite mixture models, variance component

estimation, hyperparameter estimation, iteratively reweighted least squares an

factor analysis.
Keywords: MAXIMUM LIKELIHOOD; INCOMPLETE DATA; EM ALGORITHM;; POSTERIOR MODE

1. INTRODUCTION

Tuis paper presents a general approach to iterative computation of maximum-likelihood
estimates when the observations can be viewed as incomplete data. Since each iteration of the
algorithm consists of an expectation step followed by a maximization step we call it the EM
algorithm. The B process is remarkable in part because of the simplicity and generality of
the associated theory, and in part because of the wide range of examples which fall under its

< A classical paper (1977)
< one of the most cited paper in the world (before Transformer & deep learning revolution)...

@ PREDICTING WORD ALIGNMENT

PasT
* Giza++ (used to be the de facto standard)
* FastAlign (modern best-line, pre-word embeddings)

Topay
* eflomal (Ostling and Tiedemann 2016)
* SimAlign (Jalili Sabet et al. 2020)
* Awesome-Align (Dou and Neubig 2021)
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@ SimAlign: EMBEDDING-BASED ALIGNMENT @ Awesome-Align: FINE-TUNED ALIGNMENT
(Jalili Sabet et al. 2020)
Core idea: Align words using multilingual LM embeddings. No training. [
Core idea: Fine-tune mBERT on parallel data (TLM) — better alignment.
Process (short):
* Encode source + target with mBERT/XLM-R Process (short):
* Get token embeddings * Start from mBERT
* Compute cosine similarity matrix * Fine-tune with TLM: source-+target concatenated; mask + predict cross-lingually
* Apply heuristic: * Extract cross-attention weights
— argmax: direct best match * Symmetrise + threshold — alignments
— itermax: iterative + symmetrised (best) . . L . .
; + higher accuracy; uses supervision — needs training + GPU; domain-sensitive
— softmax: prob. filtering g o P g
+ fast; multilingual; strong zero-shot — tokenisation sensitivity; not translation-trained
33/80 34/80
lél [Al PHRASE-BASED MACHINE TRANSLATION
* another (better) way to estimate p(s|z)
Part II1 - - -
natuerlich] | hat | |john] | spass am| | spiel
PHRASE-BASED MACHINE TRANSLATION
v
| of course | john | has | | fun with the | | game |
35/80 36/80




@ PHRASE TABLE

DECODING WITH A PHRASE TABLE

=

er geht ja nicht
s t log P (t|s) log Pi(s|t) logPea(t|s) logPiea(s|t) R (CEm ) (s )
Lid ire s
Ilike that. j aime ca! 0.25 0.03336 0.00689 7.79e-05 E A 3 E 065 3 Coreouse )
Ilike that . j aime ga, tiens . 1 001779 0.00344 2.51e-08 e Lo 3 DR
1like that. je préfére ca . 0.0185 0.01348 0.00344 0.000136 C ie will be. 3 C 7S not Y C Under hiouse 3
Ilike that  ca, ga me plait . 01 000175 0.00344 2.90e-08 ¢ S 3 ¢ doss ot 3 & Tt Fome 2
Ilike that  ca me fait plaisir . 0.0277 0.00021 0.00344 4.10e-09 C s ) C - o D}
Ilike that  j aime cette idée . 025  0.04379 0.00344 6.06e-08 ¢ - 3 ¢ ToTowg 3
€ does ) C notfo )
C not D)
C 7 ot 3
C are not )
< extracted from word alignment with heuristics C S nota 3
< probability estimated from raw counts
= small phrase table: 2,727 matching phrase pairs for this sentence
37/80 38/80
@ Is STATISTICAL MT STILL RELEVANT? (I) @ Is sTATISTICAL MT STILL RELEVANT? (2)
* n-gram language models
< Are still relevant when you need speed, e.g. filtering large D
quantities of mined text
* Word alignment Moder (17th e Franch: | efthvrhy|quil ne fut pas long temps] fhns faubir quHorace n| point mort:
< Relevant for a certain number of tasks, including sentence Comamporsey ench | vt lquil ne fut pas |longtemps| sand sabbir quHorace T
alignment, dictionary creation, ...
* phrase-based models
o o« Ln .
For cenitam translation-like tasks}tha(t do not require ) see (Bawden etal. 2022)
long-distance context, e.g. normalization of old texts (with
minor spelling errors)
< to understand what NMT is doing (see (<empty citation>))
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lél [Al OVERVIEW OF A NMT SysTEM
Output: Music fathoms the sky.
[
Part IV
Z
=
Encoder(s) q Decoder(s) ;[
NEURAL MACHINE TRANSLATION z
T
Input: La musique creuse le ciel.
< encoder (a NN) builds a representation of the source...
< ...used by the decoder (a NN) to generate the target
41/80 42/80




@ BAck TO THE FUTURE...

interlingua

direct transiation

target
text

< same intuition as in Vauquois’ pyramid (1968)
= Bernard Vauquois (1929-1985), creator of the Centre d’Etude pour la Traduction
Automatigue (now GETALP) in Grenoble

< but here all parameters/intermediate representation are discovered automatically

@ ‘Waicua NNz

* past: many (many many) choices /
alternative

- |

- * present: Transformer
%’ < remember: Transformer has been
W" W “invented” in the context of MT

43/80 44/80
b b
[AI Transformer DECODER: A BIRD’s EYE VIEwW l& Transformer DECODER: A BIrRD’s EYE VIEW
encoder encoder
\ Fet-Forvard ® sof tmax \ Fecs-Forwud @ sof tmax
H — — H — —
/ epresentation e vocabulary s / epreenction e vocabulay s
I [ I [
build next token build next token
decoder N distribution over 1st word decoder . distribution over 2nd word
representation representation
output vocabulary output vocabulary
* starting with an empty hypothesis: generates word incrementally * starting with an empty hypothesis: generates word incrementally
* two sources of information: * two sources of information:
1. representation of the source (aways the sume) 1. representation of the source (hways the sime)
2. representation of the prefix (updued atcach siep) 2. representation of the prefix (updated ateach siep)
45/80 45/80
b
‘& Transformer DECODER: A BirD’s EYE VIEW lA{ JoeyNMT DECODING METHOD usrion transtorser_groocy msosrch.sy
encoder
I ys = encoder_output.new_full((batch_size, 1), bos_index, dtype=torch.long)
2
3 for step in range(max_output_length):
Feed-Forvard ® softmax 4 with torch.no_grad():
H - m s out, _, att, _ - model(
epresentation size — vocabulary size
/ " v ¢ return_type="decode", trg_input=ys, # <-- prefic
7 encoder_output=encoder_output, encoder_hidden=None, # <-- technical debt
max §  src_mask-src_mask, unroll_steps=None, decoder_hidden=None)
build next token o 2
decoder representation distribution over 3rd word W - o, < o e
outpurt vocabulary 1 prob, next_word = torch.max(out, dim=1)
) ) X ) 12 ys = torch.cat([ys, next_word.data.unsqueeze(-1)], dim=1)
* starting with an empty hypothesis: generates word incrementally s
* two sources of information: 14 is_eos = torch.eq(next_word.data, eos_index)
1. representation of the source (aiways the same) 15 finished += is_eos
2. representation of the prefix (updued atcach sep) le if (finished >= 1).sun() == batch_size: break
45/80 L. 46/80




@ BUILDING THE TARGET TOKEN REPRESENTATION

Recall:
1. old pots made the best soups!
2. attention is all you need!
* we want to build a contextualized representation of the next
target tokens
* 2 “kinds” of context:

< information from the source
< information from the prefix

* we can use to kind of attentions:
< self-attention (between target token)
< cross-attention (between source and target token)

47/80

@ THE DECODER LAYER

(RN
|
Feed Forward
1 T 1 1
1 1 1 1 g
= Gros A &
1 T 1 1 E
1 T 1 1
Self-Attention
1 T 1 1
rrrij frri b oorm
<bos> the music <next>

48/80

l& CROSS-ATTENTION

direct generalization of self-attention

environments

| often described as “soft-word alignment”

convient
o

often corresponds to intuition but does
not always correspond exactly

o
noter|
que

v
environnement|

Is attention explanation? Interesting

debate:

< Attention is not Explanation (Jain and
Wallace 2019)

< Attention is not not Explanation

(Wiegreffe and Pinter 2019)

environnement

<encs]
from (Bahdanau, Cho, and Bengio 2015)

< attention in RNN, not transformers

l& As UsuaL...

« stack of decoder layers

* build/predict the representation of the
next token

* FF @ softmax — probability distribution
over target vocabulary

Translation is reduced to multi-class
classification

49/80 50/80
‘& TrRAINING A NMT MODEL @l TEACHER FORCING: CONTEXT
* Loss function
< Token-wise cross-entropy: compare true label distribution (1-hot vector) to predicted
distribution
* Teacher forcing during training
< use the ground truth labels as decoder input rather than previous predictions
< Allows parallel processing, but exposure bias (mismatch between training and prediction)
. THE PROBLEM
(Wang and Sennrich 2020)
. . * NMT = multi-class classification
* A number of important parameters (not to underestimate):
* hi
< Architecture: vocabulary size, number of layers, embedding dimensions, etc. istory ® source sentence - word
L . . . . * How training examples can be “created”
< Training parameters: Batch size (+ accumulation of gradients), learning rate, scheduler, etc.
* Model selection — when to stop training?
< Loss converges? Performance on a downstream task stops going up (e.g. BLEU)?
51/80 52/80




@ TEACHER FORCING: DEFINITION

({bos) la

(bos) | Music | fathoms the sky . (eos)
| ) _
N AN

(xu}’x) ("1’}’3)

musique  creuse le ciel . (eos) H

* consider the reference translation to create the history = “gold history”
- & easy to create many examples (nonced o predic he hiscory)

+ o avoid “bad” history at the beginning of training

- easy to parallelize: send a parallel sentence to the GPU @ use masks

. P discrepancy between training ld iscory) and test (prediced hiscory

53/80

@ TEACHER FORCING: CONSEQUENCE

ExrosuURrE Bias

prediction error have “catastrophic” consequences

< “huge” impact on the next predictions = the system

has not learned to “correct” errors

see Nivre & Goldberg dynamic oracle (Goldberg
and Nivre 2012; Goldberg and Nivre 2013)

Bur...

only way to parallelize training

< only things that matters = we need to consider as
many data as possible

everyone has moved on &

54/80

@ LABEL SMOOTHING

another unexpected consequence of teacher forcing

learning criterion: reproduce exactly the gold translation

< but there are always several way to translate a sentence!

rather than considering a one-hot distribution for the reference:

, 1-¢ ifk=y
CE { e
=5 otherwise
< K: number of classes
< label smoothing (Szegedy et al. 2016)

* used in the very first transformer paper @ (Miiller, Kornblith, and Hinton 2019) for a full
analysis

55/80

o=

PartV

NMT: DEcoODING

56/80

lél VisuaLIZING DECODING

* vocabulary: I, love, like, you, chocolate, peach
like
I
chocolate

<bos>
love

you

peach

57/80

[Al VisuaLiziING DECODING

* vocabulary: I, love, like, you, chocolate, peach

like

1

/ chocolate
<bos> ¢

love

you

peach

57/80




@ VisuarLizing DEcopING

* vocabulary: I, love, like, you, chocolate, peach

like

I
chocolate
love

you

peach

\ you

peach

@ VisuaLizING DEcopING

* vocabulary: I, love, like, you, chocolate, peach

 like

like /1

chocolate

1<
love
/ chocolage™ YOU
< ™\ peach

love

\ you

peach
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[& VisuaLIZING DECODING l& TO PUT THINGS IN A NUTSHELL
* vocabulary: I, love, like, you, chocolate, peach EE
like * greedy decoding
f:hocolate * best decision at each step
ove . impl
chocohie (;::Ch easy to implement
N peach P * very efficient
love * but no guarantee that the solution is
\ you optimal!
peach
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‘& THE PROBLEM OF GREEDY DECODING @ THE “MAGIC” SOLUTION: BEAM SEARCH
* shortest path problem: smallest cost to go from A4 to B PRINCIPLE
c * ateach step keep the 7 best solutions
% \ 1. “expand” these solutions — 7 x #J solutions
A B 2. prune these solutions to keep only the z “best”
‘ )
Way?
D « . » Eony
* allows you to “reconsider” past decisions <
* brute force search: enumerate all paths (exponential!) : explor.e alarge panf of the search space while controlling
4 N st nal decoding complexity
. : t but not opti
greedy search: very fast but not optima * classic solution to reduce the impact of search error when the
* exact search (dynamic programming) fast but optimal exact solution can not be found
59/80 60/80




@ WitH A PICTURE

* with a beam of size 2
like
I
chocolate

<bos>
love

you

peach

@ WitH A PICTURE

* with a beam of size 2
like

chocolate

> love
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[& WiTH A PICTURE l& WiTH A PICTURE
* with a beam of size 2 * with a beam of size 2
like like like like
/ I I
I chocolate chocolate
love love
you 2~ you
- chocolate™ peach  chocolate™ peach
™ love like
I
you chocolate
: love
you NP
peach peach peach ™ peach
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‘& WiTH A PICTURE [Ai Doks It Work?
* with a beam of size 2
fike Illke < OF COURSE...
I hocolate * large gains (several BLEU points)...
o < * ...but only for small beams (usually 5)
- chocohr\c\ peach
<bos> Bur..
love  like * much more difficult to implement
I * much slower than greedy decoding
\ you chocolate ) o
) love * performance decreases with beam size !!!!
you
peach N peach
61/80 62/80




@ THE BEAM S1ZE CURSE

OBSERVATION
* experimentally: performance decreases with beam size
< counter-intuitive
< contrary to the results/observation obtained on many
tasks/models

« still no explaination
< consensus: we do not know what is going on

CAN THE SITUATION BE ANY WORSE?
* Yes!
* if you do exact decoding: best solution = empty hypothesis
< we are not modeling what we think we are modeling

< no clue how/why the system is working

@ OTHER DECODING STRATEGY

* Sampling: like greedy, but sampling from the distribution (more diverse outputs)
— Top-k sampling: a token amongst the & top tokens
— Top-p (nucleus) sampling: a token amongst those with the highest probabilities (that sum to
?)
— Temperature sampling: flattens or sharpens the probability distribution (0=original,
higher=more flat)

important in text generation by LLMs, less so in translation

63/80 64/80
[& l& CONTEXT
* difficult part # translation model
Part VI < “simple” transformer
< tutorial to implement your own model in
pytorchand tensorflow
NMT SysTEMS « difficult part = everything around
< data loading / tokenization
< evaluation
< scaling training
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‘& SoME NaMEs DROPPING lA[
* OpenNMT
< Harvard + Systran
< historical toolkit ® well-documented Part VII
* Marian NMT
< C++ framework, very efficient
< production ready (is/was used in Microsoft Translator) PRE-TRAINED MODELS
* Sockeye
< developped by Amazon
* JoeyNMT
< “pedagogical” project
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@ MAIN “PRETRAINED” MODEL OF TRANSLATION

* all models are available on Hugging Face &
MarianMT / OPUS-MT (Helsinki-NLP)

< marian (transformer 6 x 6) trained on opus data
mBART-50

< multilingual model

< fine-tuned on parallel data
M2M100

< model many-to-many, without pivot
NLLB-200

< =200 languages, focus on under-resourced languages
T5/mT5

< “independant” encoder/decoder models — need to be fine-tuned for MT

Part VIII

WHERE ARE WE NOW?
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@ EvoLuTioN OF MT PERFORMANCE OVER TIME @ EvoLuTiON OF MT PERFORMANCE OVER TIME
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Figure 1.1: Machine translation progress — from the 1950s, the starting of modern MT Year
research, until the time of this thesis, 2016, in which neural MT becomes a dominant ap-
oroach Tmac of Christonher 1 Manni 71/80 72/80
lél CoRE CHALLENGES IN NMT [Al LiNGuisTIC AND SEMANTIC CHALLENGES
* Data Scarcity and Domain Mismatch
— Many language pairs lack large-scale parallel corpora. * Ambiguity and Polysemy
— Performance drops significantly when translating out-of-domain text. — NMT systems may choose incorrect word senses when context is limited.
* Handling Morphologically Rich Languages * Idioms, Figurative Language, and Cultural Expressions
— Agglutination, inflection, and complex morphology lead to sparse representations. — Non-literal constructions are often translated word-for-word.
— Tokenisation and subword approaches only partly mitigate these issues. * Faithfulness vs. Fluency
* Long-Range Dependencies — Models may generate fluent but semantically incorrect output (“hallucinations”).
— Difficulty modelling global sentence structure and discourse-level context.
— Errors accumulate when processing long or syntactically complex sentences.
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