Encoder-Decoder (aka Seqg2Seq)
and Attention

Wel Xu

(many slides from Greg Durrett)
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» Machine Translation Philipp Koehn
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People’s Daily, August 30, 2017

Trump-family watch_. the White House balcony




MT Basics

Translate

English French Spanish Chinese - detected ~

S ERAEHESHeNEEF—EHE

S ERAEEBEHGRE R = e

People’s Daily, August 30, 2017

Trump and his family watch the once-in-a-century total solar eclipse from the White House balcony



History of MT

Rule Base Machine Translation Statistical Machine Tanslation Neural Machine
Translation
. , Example Based Word Syntax
Direct Transfer Interlingua Machine Based Based
Machine Based Machine Translation RNN
Translation REBMT Translation LSTM
Phrase
Based
Model
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Image Credit: https://towardsdatascience.com/evolution-of-machine-translation-5524f1c88b25
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Image Credit: https://towardsdatascience.com/evolution-of-machine-translation-5524f1c88b25
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Parallel Training Corpus

facing with the swelling flow of through traffic zooming past their
doors .

Weekend traffic bans and traffic jams are a curse to road transport #74765580

Some people also want to recoup the cost of traffic jams from those #76764676

who get stuck in them , according to the ' polluter pays ' principle .

| think this is an excellent principle and | would like to see it applied #76764713
in full , but not to traffic jams .

Traffic jams are indicative of failed government policy on the #76764747
infrastructure front , which is why the government itself , certainly

in the Netherlands , must be regarded as the polluter .

This would increase traffic jams , weaken road safety and increase #78586130
costs .

In the previous legislature , Parliament gave its opinion on the #79281114

Commission ' s proposals on the simplification of vertical directives on
sugar , honey , fruit juices , milk and jams .

For jams , | personally reintroduced an amendment that was not
accepted by the Committee on the Environment , Public Health and
Consumer Policy , but which | hold to .

It concerns not accepting the general use of a chemical flavouring in #79281966
jams and marmalades , that is vanillin .

This is highlighted particularly in towns where it is necessary to find #80085988
ways of solving environmental problems and the difficulties caused by
traffic jams .

#79281936
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que pasa por delante_de sus casas , que aumenta a_diario .

Las prohibiciones de conducir los fines de semana y los embotellamientos asolan el
transporte por carretera .

Algunos son partidarios de que incluso los costes ocasionados por los atascos se
carguen a el ciudadano que se encuentra atrapado en ellos , de conformidad con el
principio de que " quien contamina paga " .

Me parece un principio acertado y estoy dispuesta a aplicarlo integramente , pero

no sobre los atascos , ya_que éstos son un claro indicio de el fracaso de la politica
ogubernamental en_materia_de infraestructuras .

Por eso es preciso subrayar que en estos casos quien contamina es el propio
Gobierno , a el menos en los Paises_Bajos .

Esto aumentaria los atascos , mermaria la seguridad vial e incrementaria los costes

En efecto , durante la precedente legislatura , el Parlamento se manifestd sobre las
propuestas de la Comision relativas a la simplificacion de directivas verticales sobre
el azucar , la miel , los zumos de frutas , la leche y las confituras .

Para las confituras , yo personalmente volvi a introducir una enmienda que no fue
aceptada por la Comision_de_Medio_Ambiente , Salud_Publica y
Politica_de_el_Consumidor , pero que es importante para nmi .

Se trata de no aceptar la utilizacion generalizada de un aroma quimico en las
confituras y " marmalades " , a saber , la vainillina .

Esto se pone_de_relieve aun mas en las ciudades , en las que hay que encontrar
medios para eliminar los inconvenientes derivados de los problemas
medioambientales y de la congestion de el trafico .



Phrase-Based MT

» Key idea: translation words better the bigger chunks you use

- Remember phrases from training data, translate piece-by-piece and
stitch those pieces together to translate

> How to identify phrases? Word alighnment over source-target bitext

» How to stitch together? Language model over target language

» Decoder takes phrases and a language model and searches over possible
translations

» NOT like standard discriminative models (take a bunch of translation
pairs, learn a ton of parameters in an end-to-end way)



the cat |
dog ||| c
house ||

cat ||| chat ||| 0.9
| le chat ||| 0.8
nien ||| 0.8

maison ||| 0.6
my house ||| ma maison ||| 0.9

language ||| langue ||| 0.9

Phrase-Based MT

» Goal: translate from Foreign language to English

Phrase table P(f‘e)

N

Language

model P )

Unlabeled English data

P(e|f) o< P(fle)P(e)

Noisy channel model:
combine scores from
translation model +
language model to
translate foreign to
English

N

“Translate faithfully but make fluent English”



Language Modeling



N-gram Language Models

| visited San put a distribution over the next word

» Simple generative model: distribution of next word is a multinomial
distribution conditioned on previous n-1 words

count(visited San, x)

P(x|visited San) =
(z|visited San) count(visited San)

Maximum likelihood estimate of this
probability from a corpus

» Just relies on counts, even in 2008 could scale up to 1.3M word types, 4B
n-grams (all 5-grams occurring >40 times on the Web)



Neural Language Models

~ Early work: feedforward neural networks looking at context

] P(wilwimn,. -, wisn)

IFFNN
=== Pl v
— 00O
| visited New ¢|
> Variable length context with RNNs: ‘ ‘

| visited New

Mnih and Hinton (2003)



Evaluation

- (One sentence) negative log likelihood: ) logp(wi|z1,..., @i—1)
1=1

> PerpIEXity: 2 }L @T'L:l 10g2 p(ajz |aj1 7“'75873—1)
» NLL (base 2) averaged over the sentence, exponentiated

» NLL = -2 -> on average, correct thing has prob 1/4 -> PPL = 4. PPL is sort
of like branching factor



Results

~ Evaluate on Penn Treebank: small dataset (1M words) compared to
what’s used in MT, but common benchmark

» Kneser-Ney 5-gram model with cache: PPL=125.7

» LSTM: PPL ~ 60-80 (depending on how much you optimize it)

Merity et al. (2017), Melis et al. (2017)



Encoder-Decoder Models



Recap: RNN

» Transducer: make some prediction for each element in a sequence

DT NN VBD JJ
output y = score for each tag, then softmax

r 1t 1t 1

the movie was great

» Encoder: encode a sequence into a fixed-sized vector and use that for

some purpose
predict sentiment (matmul + softmax)

;I_.QW< translate
paraphrase/compress

the movie was great



Encoder-Decoder

» Encode a sequence into a fixed-sized vector

le film était bon [STOP]

H OO

the movie was great

» Now use that vector to produce a series of tokens as output from a
separate LSTM decoder

Sutskever et al. (2014)



Model

» Generate next word conditioned on previous word as well as hidden state

- W size is |vocab| x | hidden state|, softmax over entire vocabulary

(yZ|X7 Y, .- - Yi— 1) — SOftmaX(Wh)

Y‘X prz‘xvylv'“vy’i—l)

Decoder has separate
parameters from encoder, so
the movie was great <> this can learn to be a language
model (produce a plausible next
word given current one)




Inference

» Generate next word conditioned on previous word as well as hidden state

L

the movie was great <S> !

- film |était | bon |[STOP]

» During inference: need to compute the argmax over the word predictions
and then feed that to the next RNN state. This is greedy decoding

P(yi‘X, Yty .- - 7yz'—1) — SOftHlaX(WiL) Ypred — argmaXyP(y|X, Y1, - - 7y73—1)

» Decoder is advanced one state at a time until [STOP] is reached



Implementing seq2seq Models

Encoder Decoder Decoder
la film

the movie was great <S>

» Encoder: consumes sequence of tokens, produces a vector. Analogous to
encoders for classification/tagging tasks

» Decoder: separate module, single cell. Takes two inputs: hidden state
(vector h or tuple (h, c¢)) and previous token. Outputs token + new state



Tralning

E était [STOP]

R | D

the movie was great le film était bon

- Objective: maximize Z Zlog P(y; |x, 97,54, 1)
(x,y) 1=1

» One loss term for each target-sentence word, feed the correct word
regardless of model’s prediction (called “teacher forcing”)



Training: Scheduled Sampling

» Model needs to do the right thing even with its own predictions

la | film| étai§ bon [STOP]

HH
the movie was great t t sample

était

» Scheduled sampling: with probability p, take the gold (human) translation
as input, else take the model’s prediction

» Starting with p = 1 and decaying it works best
Bengio et al. (2015)



Implementation Details

» Sentence lengths vary for both encoder and decoder:

- Typically pad everything to the right length

- Encoder: Can be a CNN/LSTM/Transformer...

- Decoder: also flexible in terms of architecture (more later). Execute
one step of computation at a time, so computation graph is
formulated as taking one input + hidden state

» Beam search: can help with lookahead. Finds the (approximate) highest
scoring segquence:

argmaxy H P(yz|X7 Yi, - - - 7yi—1)
1=1



Beam Search

les: 0.1

» Maintain decoder state, token history in beam film: 0.4

~

la: 0.4 PEEE Shr ‘ =

le: 0.3 L W

5 - : +

’ ﬂ!: \ e 1l &

~ ' film o
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the movie was great <s>

o
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O
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o
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» Do not max over the two film states! Hidden state vectors are different



Attention



Problems with Seg2seq Models
» Encoder-decoder models like to repeat themselves:

Un garcon joue dans la neige - A boy plays in the snow boy plays boy plays

» Often a byproduct of training these models poorly

» Need some notion of input coverage or what input words we’ve
translated



Problems with Seg2seq Models

- Bad at long sentences: 1) a fixed-size hidden representation doesn’t scale;
2) LSTMs still have a hard time remembering for really long sentences

BLEU score

30

10

RNNenc: the model we’ve
discussed so far

- RNN 3 h—50 ................ ..... \. IR ........ \’f - » ............... - o .
searc SRR S R RNNsearch: uses attention
----- RN Nsearch-30 : N o -
= = RNNenc-50  fi-eooremmmeeie i S hm
- RNNenc-30
| | | |
10 20 30 40 50 60

Sentence length Bahdanau et al. (2014)



Aligned Inputs

» Suppose we knew the source and the movie was great

target would be word-by-word / / / /

translated le film était bon

- Can look at the corresponding le  film était bon [STOP]
input word when translating —
this could scale!

- Much less burden on the hidden etalf bon

state the movie was great

> How can we achieve this without hardcoding it?
Sutskever et al. (2014)



Attention

» At each decoder state,
compute a distribution over
source inputs based on

the movie was great <> e current decoder state

» Use that in output layer



Attention

- For each decoder state, - No attn: p(y.|x.y1. ...,y 1) = softmax(Wh;)
compute weighted sum of

Input states

P(y;|x,y1,...,yi—1) = softmax(W |c;; h;])

m T N
-------
- ~
- ~
s” ~

- =
......
‘—
L
L 2

» Weighted sum
C; = Z i of input hidden
! states (vector)

e — exp(ez-j) I

S— | |

* g j/ exp(eij/) S & Qééé“
Y

the movie was great ei; = f(hi,h;) > Unnormalized
scalar weight




Attention

f(hi, hy) = tanh(Wh, hy])
» Bahdanau+ (2014): additive

le

f(hi,hj) = h; - h;
» Luong+ (2015): dot product

f(hishy) = h; Wh;
» Luong+ (2015): bilinear

>~ Note that this all uses outputs of hidden layers
Luong et al. (2015)



Attention

» Encoder hidden states capture
contextual source word identity

agreement
on

the
European
Economic
Area

was
sighed

N

August
1992
<end>

Q
C
—

LI

“soft” word alignment) accord
Sur

» Decoder hidden states are now 2
Zone

mostly responsible for selecting &conomique
what to attend to SR

. eté

» Doesn’t take a complex hidden signé
state to walk monotonically o
through a sentence and spit 1992
out word-by-word translations <end>

Bahdanau et al. (2014)



Batching Attention

token outputs: batch size x sentence length x hidden size

\ hidden state: batch size
X hidden size

5m el

' ' exp(e;;)
, Crij = )
the movie was great <s> 2_jr expleijr)
sentence outputs: attention scores = batch size x sentence length
batch size x hidden size _ _ ,
Cc = batch size x hidden size — E Q5

~ Make sure tensors are the right size! J
Luong et al. (2015)



MT Evaluation



Evaluating MT

» Fluency: does it sound good in the target language?

- Fidelity/adequacy: does it capture the meaning of the original?

» BLEU score: geometric mean of 1-, 2-, 3-, and 4-gram precision vs. a
reference, multiplied by brevity penalty

N
BLEU=BP-exp | ) wylogp,
n=1

hypothesis 1

* hypothesis 2

hypothesis 3

reference 1

reference 2

l1-gram | 2-gram

3-gram

I am exhausted 3/3 1/2 0/1
Tired is I 1/3 0/2 0/1
III 1/3 0/2 0/1
I am tired

I am ready to sleep how and so exhausted




Evaluating MT

» Fluency: does it sound good in the target language?
- Fidelity/adequacy: does it capture the meaning of the original?

» BLEU score: geometric mean of 1-, 2-, 3-, and 4-gram precision vs. a
reference, multiplied by brevity penalty

N
BLEU= BP-exp (Z Wy, logpn> . > Typicallyn=4,w;=1/4
n=1

Bp — ] if c>r » r = length of reference
) el if o<y ¢ = length of prediction

» Does this capture fluency and adequacy?



BLEU Score

» Better methods with
human-in-the-loop

» HTER: human-assisted
translation error rate

> If you’re building real MT

systems, you do user studies.

During development, you
mostly use BLEU and other
automatic metrics.

(variant of BLEU)

NIST Score

¢ Adequacy .
2 Fluency
1.3
1.0 .
A 4
Y i
4B
e
O ‘ -1.0 -
O

Human Judgments

slide from G. Doddington (NIST)



Encoder-Decoder MT Results

» Sutskever seq2seq paper: first major application of LSTMs to NLP

» Basic encoder-decoder with beam search

Method test BLEU score (ntstl4)
Bahdanau et al. [2] 28.45
Baseline System [29] 33.30
Single forward LSTM, beam size 12 26.17
Single reversed LSTM, beam size 12 30.59
Ensemble of 5 reversed LSTMSs, beam size 12 34.81

» SOTA = 37.0 — not all that competitive...
Sutskever et al. (2014)



Results: WMT English-German

» 4,.5M sentence pairs

Classic phrase-based system: 20.7 BLEU
Luong+ (2014) seq2seq: 14 BLEU

Luong+ (2015) seq2seq ensemble w/ attention, rare word handling: 23.0 BLEU

» Not nearly as good in absolute BLEU, but BLEU is not really comparable
across languages

>~ French, Spanish = easiest
German, Czech = harder
Japanese, Russian = hard (grammatically different, lots of morphology...)



Google’s NMT System

P Y LA L A L A L L L L Ll L L L L A A LA L L ALl LI LD L L LR X P
-

i Encoder LSTMs E

E 5 _,’, S o

/’/ Dgéoder LSTMs R
I t i

8 EIayers

. GPU3

. GPU2

---——A[_ GPU3 E

GPU2 :

. GPU2 !

. GPU1L GPUL |

e .’ e
R g g g S . R [ gy g R ————————— RS

> 8 layer LSTM encoder-decoder with attention
- word piece vocabulary of 8k-32k (tokenization - more later) \wy et al. (2016)



Add & Norm
Feed
Forward

Add & Norm

Multi-Head
Attention

1 J
QU
Input

Inputs

N x

Positional
Encoding

Transformer (more later)

Probabilities

Linear

Add & Norm
Feed
Forward
Add & Norm

Multi-Head
Attention

N x

Add & Norm

Masked
Multi-Head
Attention

Positional
& ° Encoding
Qutput
Embedding

Qutputs
(shifted right)

BLEU

Model

EN-DE EN-FR
ByteNet [18] 23.75
Deep-Att + PosUnk [39] 390.2
GNMT + RL [38] 24.6 39.92
ConvS2S [9] 25.16 40.46
MoE [32] 26.03 40.56
Deep-Att + PosUnk Ensemble [39] 40.4
GNMT + RL Ensemble [38] 26.30 41.16
ConvS2S Ensemble [9] 26.36 41.29
Transformer (base model) 27.3 38.1
Transformer (big) 28.4 41.8

Vaswani et al. (2017)



Human Evaluation (En-Es)

400 » Similar to human-level
performance on
. 300 : :
= English-Spanish
5 200
O 100
0

0 1 z 3 .|

|
()

FEBMT - GRMT - Human

Figure 6: Histogram of side-by-side scores on 500 sampled sentences from Wikipedia and news websites for a
typical language pair, here English — Spanish (PBMT blue, GNMT red, Human orange). It can be seen that
there is a wide distribution in scores, even for the human translation when rated by other humans, which
shows how ambiguous the task is. It is clear that GNMT is much more accurate than PBMT.

Wu et al. (2016)



Automatic MT Evaluation Metrics

» BLEU (2002): n-gram overlap

» METEOR (2005): also take into consideration of synonyms
» HTER (2009): human-assisted translation error rate

» BERTScore (2019): embedding-based

> BLEURT (2020) and COMET (2020): trained neural network model using
human evaluation data

>~ and many more ... e.g., CometKiwi-DA-XL (2023), MetricX-23-XL (2023)



Appraise - Human Evaluation Interface

Findings of the 2019 Conference on Machine Translation (WMT19)

Sentence pair WMT19DocSrcDA #281:Document #reuters.218861-0 English — German (deutsch)

For the pair of sentences below: Read the text and state how much you agree that:

The black text adequately expresses the meaning of the gray text in German (deutsch).

North Korea says 'no way' will disarm unilaterally without trust

— Source text

Nordkorea sagt, Spriinge ohne Vertrauen entwaffnen ohne Vertrauen.

— Candidate translation

0% 100%

© This is the GitHub version #wmt19dev of the Appraise evaluation system. ® Some rights reserved. 23 Developed and maintained by Christian Federmann.

Figure 3: Screen shot of segment-rating portion of document-level direct assessment in the Appraise interface for an example
English to German assessment from the human evaluation campaign. The annotator is presented with the machine translation
output segment randomly selected from competing systems (anonymized) and 1s asked to rate the translation on a sliding scale.

> Direct Assessment (DA) - a subjective quality score on each output
Federmann (2010)



WMT 2024

"It's not that bad, right, Kayel?"

,Neni to tak hroznée, ne?“ _

0%: No meaning 33%: Some meaning preserved 66%: Most meaning preserved 100%: Perfect

preserved

Reset « Completed

Kayel clearly didn't agree with Nyssi, he looked less black than normal and his claws had dug into
Thassalin's back to the point that he'd made the Thraki bleed, but Thassalin clearly didn't seem
to care. That being said, Thassalin had realized he had scared his new friends and found a
clearing to land in.

Kayel jasné nesouhlasil s Nyssim, vypadal méné cerné nez obvykle a jeho drapy
se zabodly do zady Thassalina tak, Ze mu zpusobily krvaceni, ale Thassalin

jasné nevypadal, Ze by se mu to nelibilo. Reknéme, Ze Thassalin si uvédomil, Ze
vydésil své nové pratele a nasel misto, kde monhl pristat. [MISSING]

0%: No meaning 33%: Some meaning preserved 66%: Most meaning preserved 100%: Perfect

preserved

Reset  Completed

(a) Excerpt of two segments from a larger document. In the first
segment, the name “Kayel” 1s omitted which 1s a major error. In
the second segment, there are many minor errors.

Pred triceti miliony let se v krajiné potulovalo monstrum. pravdépodobné tu
mluvime o jednom z nejdivocCejsich zvirat, které kdy chodilo po Zemi... Byla to
nejvetsi Selma zijici v Severni Americe od dob dinosauru. Podivej se na
velikost té tu lebky. Podivej se na v8echny ty zuby. Zadné zvite takové

neexistuje. Nikde. [MISSING]

0%: No meaning 33%: Some meaning preserved 66%: Most meaning preserved 100%: Perfect

preserved

Reset « Completed

(b) Example of a video to text translation with several minor
errors. The annotator can control the video player.

Figure 1: Two screenshots of ESA (Kocmi et al., 2024b) and the annotator instructions. ESA shows multiple segments within a
document at once as well as video sources. After marking the individual error spans, the annotator assigns the final segment

score from O to 100. The tool 1s implemented in Appraise (Federmann, 2018).

Kocmi et al. (2024)



MQM - word-level Human Eval

- Multidimensional Quality Metrics (MQM) s

Over-translabion

: : Under-transiation
Culture-specific reference Audience appropriateness

Accuracy Addition

Omission
Character formatting =

Do not transiate (DNT)
LAayoutl =

Untransiated

Markup 139 T

Design and Markup

Truncation/1ext expansion J‘

Grammar
Missing text =4

Punctuation

Link /cross-reference =~ Fluency (Linguistic Conventions)
Unintelligble

The MOM COI’e Character encoding
Number format
Gurrancy format Typology

Measurement format

inconsistent with terminology resource

Terminology Inconsistent use of terminology
Time format Locale Conventions
Wrong term
Date format

Address format
~ Organizational styte

Tel format
ephone = Third-party style
Shortout
Ut key b= Inconustent with external reference
Style Register
Any other issue Custom

™~ Awkward style

M~ Unidiomatic style

- Inconssten style

Lommel et al. (2014)



\ "Thresh — Fine-grained Text Evaluation Tool

https://github.com/davidheineman/thresh

thresh.tools

A Unitied, Customizable and Deployable Plattorm
for Fine-Grained Text Evaluation

Nm
~/

Prompt (human-written):

France's former President Nicolas Sarkozy was found guilty of corruption on Monday and sentenced to three years in prison, a

stunning fall from grace for a man who led his country and bestrode the world stage for five years.

Continuation:
Given the string of accusations against Mr Sarkozy and his hardline France, it could be argued that the 6/7 AIPAC scandal and the background

of the president's class political career were alarming indeed. Some of Mr Sarkozy's closest aides had openly suggested that his remarks — in
which he dismissed other American Democrats as "crazies" who used unsavoury language — sounded like he had been flirting with suicide.
Nevertheless, - or perhaps because he did not believe in lost his job — he himself lost his job rather than resign from office in 2011 and became

the president without having to resign. In 2008, however, he became a totally shut-door candidate for the presidential election.

David Heineman, Yao Dou, Wei Xu. “Thresh: A Unified, Customizable and Deployable Platform for Fine-Grained Text Evaluation” (EMNLP 2023 demo)


https://github.com/davidheineman/thresh

WMT’ 25 Automatic Eval.

Automatic Ranking

Thi tion detail tomatic ranki thod, 1 .
which we reer to 2s AUTORANK. Both the set of » LLM-as-a-judge (reference-free):
automatic metrics and the aggregation procedure

?aas\lf been slightly updated since last year’s shared G E M B A_ E S A’ G PT_ 4 . 1’ C O m m a n d A

Metrics. For most language pairs,> the AU-
TORANK 1s a combination of three distinct families
of evaluation methods:

 LLM-as-a-Judge (reference-less). We use
GEMBA-ESA (Kocmi and Federmann, 2023) T - d f _ b d » .
with two independent judges: GPT-4.1 (Ope- > ra I n e re e re n Ce a S e m Et rl CS .
nAl, 2025) and Command A (Cohere Team,

2025), both in a reference-less setting. I\/I et r i CX’ X C O M ET

e Trained reference-based metrics. Two
supervised metrics trained to approximate
human quality judgments with references:
MetricX-24-Hybrid-XL (Juraska et al., 2024)
and XCOMET-XL (Guerreiro et al., 2024).

* Trained Quality Estimation (QE). The g Tra i n ed Qu a I ity ESﬁ m ati O n (QE) :

reference-less QE metric CometKiwi-XL (Rei

et al., 2023), which is also trained to mimic refe rence_less COmetKiWi

human judgments.

This combination of reference-based and
reference-less (or QE) methods is designed
to balance their complementary failure modes.
Reference-based metrics typically achieve a higher
correlation with human judgments when high-
quality references are available, while reference-
less methods reduce susceptibility to reference

3See “Low-resource exception” below.



GEMBA-ESA

- MQM simplified into Error Span Annotation (ESA), which focuses on the
error span severities and not the actual error types.

English = German translation evaluation
p

\
Rainy days! Last week got a ton done and feeling much

better about field items.
Letzte Woche habe ich elne Menge erledlgt und

fuhle mich viel besser im Feld [MISSING]

Spamsh -» English translation evaluation (example)

Esperamos mantener el impulso esta semana,
incluso con el tiempo sombrlo

\

hoplng to keep up the momentum week this week

even with the gloomy weather. [MISSING]

U eaning 337 some
preserved meaning preserved

l (] )

Figure 1: Stylized annotation user interface with Error
Span Annotation (ESA). The annotator first marks er-
rors with minor and major severity and then assigns a
final score. This is more robust than asking for score
directly.’

Kocmi et al. (2024)



GEMBA-ESA

- MQM simplified into Error Span Annotation (ESA), which focuses on the
error span severities and not the actual error types.

A » Few-shot prompt of GPT-4 as the judge

r A

Rainy days! Last week got a ton done and feeling much
better about field items.

(System) You are an annotator for the quality of machine translation. Your task is to identify
Letzte Woche habe ich e'ne Menge erledlgt und errors and assess the quality of the translation.

fuhle mich viel besser im Feld [MISSING] (user) {source_language} source:\n

:I[""“_\. ng . u_.jt-j‘;l]"] “Lm_” _ﬁ*ﬁ “[y‘[ . IF'A\;I.;“ Tt {SOUFCG_Segment:y T \n
' ' {target_language} translation:\n

[ ) T {target_segment} "~ "\n
' J \n
Spanish - English translation evaluation (example) Based on the.source segment.and machine ‘Franslatlon surroundeq with triple backticks, identify
G 3 error types in the translation and classify them. The categories of errors are: accuracy

Esperamos mantener el impulso esta semana,
incluso con el tiempo sombno

hoplng to keep up the momentum week this week

(addition, mistranslation, omission, untranslated text), fluency (character encoding, grammar,
inconsistency, punctuation, register, spelling),

locale convention (currency, date, name, telephone, or time format)

even with the gloomyweather. [MISSING] style (awkward), terminology (inappropriate for context, inconsistent use), non-translation,
" ) | N other, or no-error.\n
el meaning preserved el i Each error is classified as one of three categories: critical, major, and minor.
f_— ) Critical errors inhibit comprehension of the text. Major errors disrupt the flow, but what
— the text is trying to say is still understandable. Minor errors are technically errors,
but do not disrupt the flow or hinder comprehension.

Figure 1: Stylized annotation user interface with Error
Span Annotation (ESA). The annotator first marks er-

rors with minor and major severity and then assigns a
final score. This is more robust than asking for score Figure 1: The general prompt for GEMBA-MQM omits the gray part which performed subpar on internal data (we

directly.! include it in GEMBA-locale-MQM). The “(user)” and *“(assistant)” section is repeated for each few-shot example.

(assistant) {observed error classes}

Kocmi et al. (2024) Kocmi & Federmann (2023)



COMET - Learnt Metric

2 x Triplet Margin Loss

! MSE((qy
MSE(y,y) - A ~ X (9,9)

A f f . :
g Feed Forward g D 5 % Feed Forward

A R A
£ ST 5 s 7 p T (s 8; |h — 8]; % §]
g A [hi s b rl’h”‘[’m e N & A A e A S A A
5 | S A I YL MR g XLM-R XLM-R XLM-R XLM-R g XLM-R XLM-R
C A r wrrrrererer i eerererrerery werrerererree SN A T A ........... T T A T T A LT A e T A

- Regression Metric (left): trained on a regression task using source, MT and
reference; Ranking Metric (middle): optimize to encode good translations
closer to the anchors (source, reference) while pushing bad translations
away; Reference-less Metric (right): does not use the reference translation.

Rei et al. (2020)



COMETKIWI - Learnt Metric

» Learn from both sentence-level and word-level quality estimations

- Use a (trainable) weighted sum of the

Sentence score Word labels
hidden states of each layer of the encoder $ <R s € Ym
Feed Forward Feed Forward
T T
1 n Target Embeddings
Lo (0) = 2y~ 9(0)) c1s] : :
20 1 T T T T 7
1 Layer Pooli
_ - 1 Z, yer Pooling
L. (0) o Zz::l Wy, og po(yi) -
L(0) = AL (0) + Awr Lwi(0), Pre-trained Encoder
1

[cls] target [sep] source [eos]

Rei et al. (2022)



WMT'25 Results

English-Egyptian Arabic English-Bhojpuri
System Name LP Params. Humeval? AutoRank CometKiwiSEMBA- GEMBA- MetricX- XCOMET- System Name LP Supported Params. (B) Humeval? AutoRank | chrF++ T
Sup- (B) Il XLt  ESA-  ESA- 24- XL+t —
ported CMDA GPT4.1 Hybrid- A Gemini-2.5-Pro v ? v 1.0 40.6
0 0 XLt Wenyiil v 14 v 2.5 38.9
Algharb v 14 v 2.8 38.6
Shy-hunyuan-MT v 7 v 1.0 0.658 76.3 75.0 -5.7 0.388
Wenyiil v/ 14 v/ 25 065 792 133 64 0337 A ONLINE-B v ? v 4.1 37.1
Algharb v 14 v 26  0.645 80.0 73.9 65 0328 TranssionTranslate ? ? 4 4.4 36.9
GemTrans v 27 v 34  0.644 73.0 69.6 -6.0  0.345 A Claude-4 ? ? v 4.5 36.7
CommandA-WMT v 111 v 4.0 0.621 77.8 75.4 -7.0 0.311 A DeepSeek-V3 ? 671 v 5.1 36.0
UvA-MT 7 12 v 41 0637 744 T34 7.1 0325 A GPT-4.1 ? ? / 55 356
Yolu v 14 v 54 0.658 67.8 -6.6 0.323
A Gemini-2.5-Pro v ? v 5.6 79.5 84.5 -1.6 '¥1(-§:: ssionMT ; 1411 j gg gig
- ? 57 £ - J :
: 811;111‘:51\[15 8 j 9 5 2‘; Al ;gj _;}; A Llama-4-Maverick v 400 v 6.5 344
A DeepSeek-V3 ? 671 v 6.9 742 757 7.7 A CommandA X 111 v 6.5 34.4
A Mistral-Medium v ? v 7.5 0.586 71.7 71.0 ANLLB v 1 v 6.6 343
A Claude-4 v ? v 7.6 76.5 80.0 A Gemma-3-27B ? 27 v 324
SRPOL X 12 v 7.9 0.641 CommandA-WMT X 111 31.8
A CommandA v 111 v 8.3 75.8 80.0 COILD-BHO V4 7 /
A AyaExpanse-32B v 32 8.4 0.585 70.7 68.8 A Mlstral-Medlum ? ?
A ONLINE-W ? ? 9.0 0.607 67.7
A AyaExpanse-8B v 8 v 9.7  0.596 656.1 A Qwen3-235B X 235
A Qwen3-235B v/ 235 IRB-MT v 12 v
A Gemma-3-27B v 27 A AyaExpanse-32B X 32
A EuroLLM-22B-pre.[M] v 22 Shy-hunyuan-MT v 7 v
IRB-MT v 12 v 69.0 67.5 GemTrans v 27
A Llama-4-Maverick v 400 SalamandraTA v 8 v
IR-MultiagentMT X ? 56.( A 9
4 CommandR7B / 7 / ‘,(r}emmlfl3 19ng X 13
A Gemma-3-12B v 12 679 676 A TowerPlus-5B[M]
A EuroLLM-9B[M] V4 9 A TowerPlus-72B [M] X 72
A TowerPlus-72B[M] X 72 A EuroLLM-22B-pre.[M] X 22
TranssionTranslate ? ? A EuroLLM-9B[M] X 9
TranssionMT v 1 IR-MultiagentMT X ?
gaII\ILLBd A 5 é A CommandR7B X 7
amandra
4+ ONLINE.G Y ? A AyaExpanse-8B X 8
A Qwen2.5-7B ? 7
A Llama-3.1-8B X 8 .
A Qwen2.5-7B v 7 A Mistral-7B X 7
A TowerPlus-9B[M] X 9 UvA-MT v 12
A Mistral-7B X 7 A Llama-3.1-8B X 8




Takeaways

> Can build MT systems with LSTM encoder-decoders (aka seqg2seq)
(or Transformer encoder-decoders — next class)

» Attention mechanism is very effective

- Decoding strategies (needed in both seg2seq & LMs)
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