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Admin

• The final project specs have been released! 

• The first deadline is the final project proposal (due Mar. 31). 

• If you’d like us to help you find group members, post to this Piazza thread 
before noon on Friday, and we’ll randomly assign you to a group of ≈3-4 people. 

• Good news: you’ll have BU SCC access! 

• HW2 (Transformers) is due Thursday at 11:59pm. 

• HW1 grades will be released this week.



Low-rank Adaptation (LoRA)

We can use matrices of size  and 
 to get: 

                     

+ Don’t need gradients for most parameters: 
way lower memory usage 

+ Doesn’t add any time during inference 

+ Modular: can swap out different LoRAs for 
different tasks/domains 

- Quite a few more hyperparameters to fiddle 
with

A ∈ ℝd×r

B ∈ ℝr×d

h = xW + xAB

[Hu et al., 2021]

❄ Frozen

🔥 Learned

🔥 Learned

LoRA is a way to fine-tune our model to 
do a new task.



Implementing LoRA
input_dim = 768 
output_dim = 768 
rank = 8 

W = . . .     # depends on pretrained model shape 

W_A = nn.Parameter(torch.empty(input_dim, rank)) 
W_B = nn.Parameter(torch.empty(rank, output_dim)) 

nn.init.kaiming_uniform_(W_A, a=math.sqrt(5)) 
nn.init.zeros_(W_B) 

def regular_forward_matmul(x, W): 
h = x @ W 
return h 

 
def lora_forward_matmul(x, W, W_A, W_B): 

h = x @ W 
h += x @ (W_A @ W_B) * alpha 
return h

h = xW + α ⋅ xAB

Controls strength of LoRA update



LoRA in Practice

FT = fine-tune 
all parameters

LoRA performs just as 
well as full fine-tuning 
on a few NLP tasks.

LoRA gives better 
performance at the 
same number of 
trainable parameters.



Downsides of Fine-tuning Methods Compared to Prompting

1. Computationally expensive. Compared to prompting, fine-tuning usually 
requires a lot more compute and memory. 

2. Time-consuming. There are a lot of hyperparameters to optimize. Running fine-
tuning many times can consume a lot of time and resources. 

3. Risk of catastrophic forgetting. Once you’ve updated a model’s parameters, 
the model is probably only good at that task now. It may have forgotten a lot of 
its general knowledge from pre-training. 

4. The usual issues with optimization. It’s still possible to overfit, underfit, etc.



Takeaways

• Changing the way we ask a language model to do something has massive impacts on 
performance. 

• Chain-of-thought prompting is an easy way to improve performance on formulaic or 
verifiable tasks—but might not help much in other cases. 

• Updating the parameters of a model usually works better—but is also more expensive, and 
still easy to get wrong. 

• A nice middle ground: parameter-efficient fine-tuning (e.g., LoRA) 

• In a few weeks: post-training models to follow instructions, and to produce well-
structured chain-of-thought-style responses without us asking



Overview of Concepts

Linguistic typology is the study of 
cross-linguistic similarities and differences.

Encoder-decoder models are the 
state of the art for machine translation.

Machine translation (MT) is the task of 
automatically mapping texts across languages.

A parellel corpus is a corpus where every 
document appears in multiple languages.

BLEU is a metric for evaluating MT systems.

Beam search is a decoding method that maintains 
multiple good options until the end.



Over 7,000 languages in the world (that we know of)!



Language Families

• A language family is a group of 
languages descended from a common 
ancestor (a protolanguage). 

• Language families can have subfamilies. 
English belongs to the Germanic family, 
alongside Swedish and German. 

• Some languages, like Basque, have no 
known relatives; these are language 
isolates.

The Indo-European 
language family

Romance

Germanic

Slavic
Indo-Aryan

Indo-Iranian

Hellenic



• The world has thousands of 
languages, but the internet is 
dominated by a few. 

• English makes up >50% of internet 
text! 

• But not everyone speaks English—
and not everyone wants to speak 
English.



NLP Is Often English-centric

• Almost all of our tasks and examples in this class so far have been in English. 

• But there are many other languages out there, many of which are nothing like 
English! 

• Will the methods we’ve used so far work well for other languages?



Languages are Diverse
Lexical Diversity

Some words in English have many 
translations in other languages:

wall Wand

Mauer

Some ideas that take many words in 
English take only one in other languages:

Çekoslavakyalılaştıramadıklarımızdan

from among those whom we could 
not make into Czechoslovakians

And vice versa:And vice versa:

aimer
to like

to love

blue
синий

голубой

рука hand
arm

siblings 兄弟 姉妹

🇩🇪 🇷🇺

🇫🇷 🇷🇺 🇯🇵

🇹🇷



Languages are Diverse
Word Order Diversity

Languages can be grouped by where they put their subjects (S), verbs (V), and objects (O):

He saw a dog 彼は   犬を   見た
He dog saw

S V O S O V
رأى   آدم   كلباً

SawAdamdog

VSO

Kamara y-ahosɨ-ye toto
SVO

heDog saw

(Note: Arabic 
is written 
right-to-left.)

Hixkaryana:

English: Japanese: Arabic:

Languages also vary in the order of adverbs, prepositions, etc.:



Languages are Diverse

• Some languages are isolating: each word generally has one morpheme 

• Some languages are agglutinative: morphemes have easily definable boundaries 

• Some languages (like English) are fusional: morphemes may have many functions and interact with each 
other 

• Languages have widely varying morpheme-to-word ratios.

Morphological Diversity

Anh ấy     đọc      sách.
He read book

🇻🇳

Kitap.lar     ilginç.tir
Book.PL

🇹🇷
interesting.COP

He    cook.s               interesting    food.s
cook.3PL.SG

🇬🇧
food.PL



Linguistic Universals

Some features are universal to all languages (that we know of): 
• All languages have nouns and verbs 

• All languages have ways to ask questions, issue commands, or agree/disagree 

It is believed that universals arise due to human cognitive or biological constraints. 
• You may encounter a (controversial) concept known as Universal Grammar: humans 

may have a biological predisposition for language, and for language to be structured 
a certain way.



Machine Translation

How do we get computers to translate 
effectively when languages differ so greatly? 

• Can’t translate word-by-word 

• Could write a bunch of rules, but this 
would be expensive and slow 

Many huge innovations in NLP came from machine translation: attention, Transformers, encoder-
decoder models, among others. 

Today, we will walk through a neural machine translation (NMT) model using an encoder-
decoder architecture. We’ll also look at a high-quality decoding algorithm, beam search, and use 
BLEU scores to evaluate. 



Data

Machine translation is a supervised machine learning problem. We make use of a 
parallel corpus, which contains aligned documents or sentences:

Parallel Corpora

The Rosetta Stone, a parallel text 
(Hieroglyphics, Ancient Greek, Demotic) 

which helped scholars decipher 
Egyptian hieroglyphics.

German-English examples from the WMT’19 dataset.

Texts can be aligned at the document level (relatively common), 
sentence level (common), or word/phrase level (rare).



Data

What can you learn from a parallel corpus? 

Translation is hard because it isn’t word-for-word. There are also often multiple 
translations for one source.

Je fais un bureau I’m making a desk

Il fait beau The weather is nice

Tu fais quoi? What are you doing?

I’m constructing an office

It’s beautiful

What’s up?



Data

We don’t always have a clean one-to-one mapping of sentences across languages:



Encoder-decoder Models

Recall the encoder-decoder 
from a couple lectures back: 

We’ll use a similar setup today. 

Main idea: encode the entire 
source sequence; condition on 
this and generate the 
target sequence 
token-by-token.



Encoder-decoder Models

Train a system  to maximize the probability of the target sequence  
given the aligned source sequence :

θ p(y1, …, ym)
p(x1, …, xn)

arg max
θ

pθ(y1, …, ym |x1, …, xn)

We will do this by encoding the source sequence into representation , then 
decoding token-by-token conditioned on this representation:

h

h = encoder(X)

yt+1 = decoder(h, y1, …yt)



Encoder-decoder Models

The encoder works much the same way as models like BERT.

The decoder is kind of like the Transformer decoder, but with two additions:
1. The decoder conditions on the source representation and generated target tokens. 
2. We add a cross-attention layer that attends to the source sequence. 

• Like multi-head attention, but keys and values come from the source sequence



Encoder-decoder Models

Q = Hdec[ℓ−1]WQ

K = HencWK

V = HencWV

CrossAttention(Q, K, V ) = softmax( QK⊤

dk
)V



Training an Encoder-decoder Model

• Training looks nearly the same as in training an encoder-decoder language model. We 
again use cross-entropy loss: 

• Note that we also use teacher forcing here, like before.

LCE( ̂yt, yt) = − log ̂yt[wt+1]
negative log-probability 
of correct next token given 
the correct prior context



Decoding in Machine Translation

• In previous lectures, we’ve discussed greedy decoding, top-k sampling, 
temperature sampling, and nucleus sampling. 

• In machine translation, the most common decoding technique is beam search.

If we greedily pick the best token at each step, we get 
a sequence that is less probable than the globally most 
probable sentence!

To get better outputs, we may need to keep track of 
multiple branches in a search tree.

Best: ok ok EOS

Greedy: yes yes EOS



Beam Search

Instead of picking the best token at each step, we’ll keep track of the  best sequences 
at each step, where  is the beam size. 

1. Compute softmax over vocabulary 

2. Select the top-  tokens by probability 

3. For each top sequence, give the model that sequence as context and compute 
softmaxes over possible next tokens. Find the next top  sequences (hypotheses) 
among all possible new sequences 

4. If a hypothesis contains EOS, remove from frontier and decrease beam size by 1 

5. Continue searching until beam size is 0

k
k

k

k



Example



Example



Beam Search
Algorithm

Start with empty frontier

For each path, get the probability 
distribution over next tokens

If an EOS token appears, remove this path 
from the frontier and decrease the beam size

Concatenate generated token to frontier; 
if this new sequence scores better than 
another sequence in the frontier, remove 
the worst frontier sequence and add this one



Beam Search
Algorithm



Penalizing Overly Brief Outputs

• Beam search as-is will favor shorter hypotheses. More tokens means more 
multiplications by (usually very low) probabilities. 

• Thus, we often apply length normalization methods, like dividing by the number 
of words:

score(y) =
1
t

t

∑
i=1

log p(yi |y1, …, yi−1, x)



Evaluating Machine Translation Systems

Le chat s’est assis sur le tapis.

Cat sit by rug The cat sat on the mat. Where’s my dog?

The cat has seated itself atop 
the tapestry.

Clearly, some of these translations are better than others. But how can you tell?

Adequacy: how well does the translation capture the meaning of the sentence?

Fluency: how fluent (grammatical, clear, natural) is the translation?



Evaluating Machine Translation Systems

• The most conceptually simple but logistically difficult way to evaluate is to have 
humans judge output quality. 

• Many factors to consider: 
• Are they monolingual or bilingual native speakers? 
• Do the judges understand the subject matter? 
• What kind of judgment are they making? Yes/no, numeric rating, preference judgment? 
• Is there a reference? 
• Are they judging whether the output is grammatical? Whether the content is correct?

Human Evaluation



Evaluating Machine Translation Systems

• A simple metric to implement is the word error rate (WER) 

• Given a reference translation, we can compute the word-level edit distance 
between the generated translation and the reference: 

• Unfortunately, there are many correct translations for any given sentence. Many 
good translations will differ in word choice and order. We need something better.

A Naïve Metric

WER =
S + I + D

N

 substitutionsS :

 insertionsI :

 deletionsD :



Brevity penalty N-gram precision for n ∈ {1,2,3,4}

Evaluating Machine Translation Systems

• By far the most commonly used metric in MT is the BLEU score. 

• This is basically an n-gram word precision metric. 
 
 
 
 

• The n-gram precision is easy to game by generating very short sequences. Brevity 
penalty controls for this. 

• Typically computed over entire corpus, not single sentences. 

• Matching larger word clusters yields much better scores.

BLEU

BLEU = min (1, exp(1 −
reference-length

output-length )) ⋅ (
4

∏
i=1

i-gram precision)1
4



Example

Reference: Yesterday , the chairman sent 
all of his men home .

Generated translation: The leader sent all 
of his men home yesterday .

Input: Gestern schickte der Vorsitzende alle seine Männer nach Hause.

Brevity penalty:  =   .min(1, exp(1 −
reference-length

output-length
)) exp(1 −

11
10

) ≈ 0.905

1-gram precision: 
7
10

= 0.7

2-gram precision: 
5
9

= 0.556

3-gram precision: 
4
8

= 0.5

4-gram precision: 
3
7

= 0.429

0.905 ×
(0.7 ⋅ 0.556 ⋅ 0.5 ⋅ 0.429)1

4

= 0.52



Example

Reference: The cat is on the mat Generated translation: The cat on mat

Input: Le chat est sur le tapis

Brevity penalty:  =   .min(1, exp(1 −
reference-length

output-length
)) exp(1 −

6
4

) ≈ 0.607

1-gram precision: 
4
4

= 1

2-gram precision: 
1
3

= 0.33̄

3-gram precision: 0

4-gram precision: 0 Multiplying by precisions of 0 
makes the BLEU score 0.



Summary

• Machine translation (MT) systems are typically based on encoder-decoder neural 
networks. 

• Some work has started to embrace LLMs, but they are not as popular here as in 
other areas of NLP. 

• Beam search is the most common decoding method in MT. 

• BLEU is the main evaluation metric in MT.



Multilingual NLP



Multilingual NLP

• MT requires us to map between strings in different languages. 

• Possibly easier: what if we just train a model on a multilingual corpus (not 
necessarily parallel)? 

• We’ll go over some ways of pre-training multilingual language models and then 
revisit MT.



Multilingual Pre-training

• We can concatenate corpora for many languages and train on all of them 

• E.g., let’s take the 104 biggest Wikipedias and put them together 

• The result of this will be multilingual 
embeddings, which should hopefully align similar tokens in different languages.



Multilingual Pre-training

• We have way more data for some languages than others. Don’t want our models 
to overfit to a small set of languages 

• We can rebalance a multilingual corpus by upsampling low-resource and 
downsampling high-resource languages’ documents—e.g., via exponential 
smoothing:

Language Rebalancing

pnew(ℓ) =
p(ℓ)α

∑ℓ∈L p(ℓ)α where p(ℓ) =
Nℓ

N

Conneau et al. [2019]



Cross-lingual Transfer

• Alongside BERT, the same team released multilingual BERT (mBERT). It’s trained the 
exact same way, but on multilingual data. How did it perform? 

• Interestingly, we can fine-tune on one language, and often get decent performance on 
other languages! 

• …but note that all languages here share the same alphabet.

Pires et al. [2019]



Cross-lingual Transfer

• We also see good results when transfering across languages that use different 
scripts—or are even totally unrelated! 

• Hindi/Urdu: very similar languages, but different writing systems 

• Bengali/Japanese: different writing systems, different syntax, different 
morphology, different word origins

Hindi Urdu Bengali Japanese

Pires et al. [2019]



Multilingual Evaluations

• Collecting evaluation data in many languages is not easy. People often publish 
multilingual evaluation datasets as full research papers. 

• Many of these datasets are translations of base datasets and were not built with those 
languages specifically in mind.

Hu et al. [2021]



Low-resource Languages

• Good performance in a language requires us to have data for that language. 

• What if data for a language is scarce? 
• Language has no standard writing system 

• Language is endangered or spoken by very few people 

• Language is stigmatized 

• It will be very hard to train good translation models—neural, statistical, or 
otherwise—when this is the case



Low-resource Languages

Systems that perform well in high-resource settings may not perform well in 
low-resource settings, and vice versa.

This was a synthetic small-data setting for German  English.→

[Sennrich & Zhang, 2019]



Translating with No Parallel Corpora

• We often want to do MT for languages where parallel corpora are scarce or non-
existent. 

• With subword tokenizers like BPE, we can 
often do this! 

• Pre-training on low-resource pairs also seems 
to help

Aji et al. [2020]



Multilingual Pre-training for MT

[Liu et al., 2020]



[Liu et al., 2020]



Prompting LLMs in New Languages

• It turns out that you can just prompt an 
LLM like ChatGPT with a grammar book 
for a language it hasn’t seen much of, 
and it often works well!

[Tanzer et al., 2024]



Prompting LLMs in New Languages

MT performance goes up with parallel word lists (W), sentence pairs (S), and 
grammar book entries (G)

[Tanzer et al., 2024]


