
CS388: Natural Language Processing
Lecture 19: Machine Translation

Slides credit: Greg Durrett



Administrative
‣ HW4 will be out by tomorrow
‣ Quiz 4: Nov 17



Today’s Lecture
‣ MT basics

‣ Phrase-based MT, word alignment

‣ Multilingual models

‣ Transformer-based MT, pre-trained models, frontiers



MT Basics



MT in Practice

Je fais un bureau

Je fais une soupe

Je fais un bureau

I make a desk

I’m making a desk

I’m making soup

Qu’est-ce que tu fais? What are you doing?

‣ What makes this hard? Not word-to-word translation
Multiple translations of a single source (ambiguous)

‣ Bitext: this is what we learn translation systems from. What can you learn?



Levels of Transfer: Vauquois Triangle

Slide credit: Dan Klein‣ Classic systems were mostly phrase-based

Bernard Vauquois (1968)



Evaluating MT
‣ What should our evaluaQon goals be?



Evaluating MT
‣ Fluency: does it sound good in the target language?
‣ Fidelity/adequacy: does it capture the meaning of the original?
‣ Classic automatic metric: BLEU score: geometric mean of 1-, 2-, 3-, and 

4-gram precision vs. a reference, multiplied by brevity penalty (penalizes 
short translations)

Typically n = 4, wi = 1/4

r = length of reference
c = length of prediction

‣ Which of these criteria does it capture?



Phrase-based MT, Word Alignment



Phrase-Based MT
‣ Key idea: translation works 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 alignment 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



Phrase-Based MT
‣ Where does the phrase table come 

from? First need word alignment



Word Alignment
‣ Input: a bitext, pairs of translated sentences

nous acceptons votre opinion . ||| we accept your view 

nous allons changer d’avis ||| we are going to change our minds

‣ Output: alignments between words in each
sentence

‣ We will see how to turn these into phrases

“accept and acceptons are aligned”



1-to-Many Alignments



Word Alignment
‣ Models P(t|s): probability of “target” sentence being generated from 

“source” sentence according to a model

‣ Correct alignments should lead to higher-likelihood generations, so by 
optimizing this objective we will learn correct alignments

‣ Latent variable model:



HMM Model

à
‣ Some mistakes, especially when you have

rare words (garbage collection)

‣ Alignments are generally monotonic
(along diagonal)



Phrase Extraction
‣ Find contiguous sets of aligned words 

in the two languages that don’t have 
alignments to other words
d’assister à la reunion et ||| to attend the meeting and à

‣ Lots of phrases possible, count across 
all sentences and score by frequency

assister à la reunion ||| attend the meeting

la reunion and ||| the meeting and

nous ||| we
…



Phrase-Based Decoding

‣ Phrase table: set of phrase pairs (e, f) with probabilities P(f|e)

‣ Inputs:

‣ Search algorithm to find e produced by a series of phrase-by-phrase 
translations from an input f, possibly with reordering:

‣ n-gram language model: 



Moses

‣ Pharaoh (Koehn, 2004) is the decoder from Koehn’s thesis

‣ Toolkit for machine translation due to Philipp Koehn + Hieu Hoang

‣ Moses implements word alignment, language models, and this 
decoder, plus training regimes and more
‣ Highly optimized and heavily engineered, could more or less 

build SOTA translation systems with this from 2007-2015



Cross-Lingual, Multilingual
Word Representations



Multilingual Embeddings
‣ MT involves directly mapping between strings in different languages

‣ Potentially easier task: learn model that can do the same task in 
multiple languages? E.g., do POs tagging in both English and French, do 
a QA in 10 languages, etc.

‣ We’ll see some neural techniques that can do this, then come back to 
translaQon



Multilingual Embeddings

Ammar et al. (2016)

‣ multiCluster: use bilingual dictionaries to form clusters of words 
that are translations of one another, replace corpora with cluster 
IDs, train “monolingual” embeddings over all these corpora

‣ Works reasonably well 

I have an apple

J’ ai des oranges I   Je J’

ID: 47ai    have
ID: 24

47 24 89   1981

47 24   18  427

‣ Input: corpora in many languages. Output: embeddings where 
similar words in different languages have similar embeddings



Multilingual BERT

Devlin et al. (2019)

‣ Take top 104 Wikipedias, train BERT on all of them simultaneously

‣ What does this look like?

Beethoven may have proposed unsuccessfully to Therese Malfatti, the 
supposed dedicatee of "Für Elise"; his status as a commoner may again 
have interfered with those plans.

当人们在马尔法蒂身后发现这部小曲的手稿时，便误认为上面写的是
“Für Elise”（即《给爱丽丝》）[51]。

Кита́й (официально — Кита́йская Наро́дная Респу́блика, сокращённо —
КНР; кит. трад.中華人民共和國, упр.中华人民共和国

, пиньинь: Zhōnghuá Rénmín Gònghéguó, палл.: Чжунхуа Жэньминь 
Гунхэго) — государство в Восточной Аз



Multilingual BERT: Results

Pires et al. (2019)

‣ Can transfer BERT directly across languages with some success

‣ …but this evaluaQon is on languages that all share an alphabet



Multilingual BERT: Results

Pires et al. (2019)

‣ Urdu (Arabic/Nastaliq script) => Hindi (Devanagari). Transfers well despite 
different alphabets!

‣ Japanese => English: different script and very different syntax



Scaling Up: XLM-R

Conneau et al. (2019)

‣ Larger “Common Crawl” dataset, better performance than mBERT

‣ Low-resource languages benefit from training on other languages

‣ High-resource languages see a small performance hit, but not much



Scaling Up: Benchmarks

Hu et al. (2021)

‣ Many of these datasets are translaQons of base datasets, not originally 
annotated in those languages

‣ Exceptions: POS, NER, TyDiQA



TyDiQA

Clark et al. (2021)

‣ Annotators write 
quesQons based on very 
short snippets of 
arQcles; answers may or 
may not exist, fetched 
from elsewhere in 
Wikipedia

‣ Typologically-
diverse QA dataset



Transformer MT + Frontiers



Transformers

Vaswani et al. (2017)

‣ Big = 6 layers, 1000 dim for each token, 16 heads, 
base = 6 layers + other params halved



Frontiers in MT: Small Data

Sennrich and Zhang (2019)‣ Synthe'c small data se/ng: German -> English



Frontiers in MT: Low-Resource

Aji et al. (2020)

‣ Particular interest in deploying MT systems for languages with little or 
no parallel data

Burmese, Indonesian, Turkish
‣ BPE allows us to transfer 

models even without 
training on a specific 
language

‣ Pre-trained models can 
help further



Frontiers in MT: Low-Resource

Aji et al. (2020)

‣ Very important to transfer the basic Transformer “skills”, but re-learning 
the embeddings seems fine in many cases



Frontiers in MT: ChatGPT

“Is ChatGPT A Good Translator? Yes With GPT-4 As The Engine” Jia et al. (2023)

‣ Works okay for Chinese-English, but less 
good at generaQng into low-resource 
languages (English -> Romanian doesn’t 
work well)

‣ Better with “pivoting”



Frontier models now
WMT26 human evaluation (0–100, higher is better)

System Avg. rank En→Ja En→De En→Is En→Ladin

Gemini 3.1 Pro 4.8 90.3 78.2 84.9 45.6

Wayfinder 5.2 90.6 79.1 84.0 48.4

GPT-5.5 8.6 86.1 77.1 79.7 29.7

DeepSeek V4 Pro 17.5 83.2 66.7 71.4 22.9

Gemma 4 31B 22.0 80.5 67.8 43.6 3.6

Last TranslaDon Benchmark (avg. of 6 LLM verifiers / judges)

System Passes all rules LLM-judge score

Human translator 96.5% 76.8

Gemini 3.1 Pro 41.2% 83.6

GPT-5.6 Sol 32.3% 85.0

GPT-5.6 Luna 19.2% 82.4

Claude Sonnet 4.5 6.7% 74.1

Google Translate 2.3% 60.1

‣ Gemini 3.1 Pro: top cluster in 15 of 23 pairs; human 
references in 8 of 12

‣ Low-resource targets (Ladin) still lag

‣ Best model passes only 41% of hard examples
‣ LLM judges still score these outputs 84–85 / 100

Kocmi et al. (2026); Zouhar et al. (2026)



Multi-model pipelines

Translate
MT system or several LLMs

Find errors
QE model marks error spans

Refine
LLM post-edits with feedback

Select
LLM judge picks the best

‣ Each model does the step it is best at: an MT system or 
LLM drafts, a quality model flags errors, an LLM fixes 
them

‣ Ki & Carpuat (2024): LLaMA-2 7B fine-tuned to post-edit 
with MQM error annotations; COMET rises 0.06–0.10

‣ WMT26’s best system (Wayfinder) pools 4 API system 
outputs, ranks them, then picks or rewrites

COMET before and after LLaMA-2 7B post-editing

Pair Original MT Post-edited

Zh→En 0.70 0.76

En→De 0.69 0.79

En→Ru 0.73 0.80

Ki & Carpuat, Findings of NAACL (2024)



Tokenization
‣ Token counts differ by language, even in multilingual 

tokenizers

‣ Some users pay at least 2.5× more than English users (Why?)

‣ The same text takes up to 15× more tokens (Shan vs. English, 
GPT-4 tokenizer): more cost and latency, less context

‣ Unseen characters become split into pieces: GPT-4 uses 3 
tokens for 65%+ of kanji

Petrov et al. (2023); Salesky et al. (2021, 2023)



Byte-level models
‣ No vocabulary: read raw UTF-8 bytes, so any language works 

out of the box (ByT5)

‣ Catch: byte sequences are long, and snll uneven: 4× longer for 
Burmese or Tibetan than Chinese

‣ H-Net learns its own chunks: a router places boundaries, then 
the main model works on chunks

‣ Beats a matched BPE Transformer; bigger gains on Chinese 
(XWinograd-zh 59.9 → 66.3)

H-Net

Byte encoder
Mamba-2 layers over raw bytes

Dynamic chunking
router marks chunk boundaries

Main network
Transformer over chunks

Dechunk & decode
back to byte predictions

Xue et al. (2022); Petrov et al. (2023); Hwang et al. (2025)



Pixel models
Pixel-based translaUon

Render text
sentence → grayscale image

Slice
overlapping fixed-width windows

Embed & translate
conv embedder + standard Transformer

‣ Render text as an image: no vocabulary, any script that can be 
typeset

‣ Pixel models drop the fixed vocabulary: 25.9 vs. 1.9 BLEU on 
scrambled De→En text, up to +9 BLEU multilingual

‣ PIXEL (English-only pretraining) beats BERT on unseen scripts, 
but is slightly weaker on Latin script

‣ More robust than BERT to orthographic attacks and code-
switching

Salesky et al. (2021, 2023); Rust et al. (2023)



Frontiers: Evaluation with LLMs

Kocmi et al. (2023)

‣ Outperforms many learned MT metrics (Transformers trained over 
(source, target, reference) triples to reproduce human judgments of 
quality)



Takeaways

‣ Transformers are state-of-the-art for machine translation

‣ They work really well on languages where we have a ton of data. When 
they don’t: pre-training can help

‣ Word alignment is a way to learn unsupervised correspondences 
between words and build phrase tables

‣ Phrase-based MT was SOTA for a long time


