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• Machine Translation (MT): Problem of converting sentences/text from one 
language to another language. E.g., English to Spanish (or vice versa).

•Example: Convert from English to French:
Input (English): “The weather is beautiful today” 

Output (French): “Le temps est magnifique aujourd'hui.”

 

•Evolution of MT models:
• N-gram models. (1980s- early 2010s)

• RNN based NMT (Neural Machine Translation) (mid 2010s)

• Attention based NMT (2015-2017)

• Transformer based NMT (2017+)

• Pre-trained models (2018+); multi-lingual, few-shot translation

An Application: Machine Translation 
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• How do N-gram models work ? – they are trained to learn a conditional 
probability distribution on outputs for a fixed input “context” length. 

• Context length (or memory size) = (N-1)

• 1-gram (Unigram) model (memory =0)
• 𝑝 𝑎  for all “a” in vocabulary

• 2-gram (Bigram) (memory = 1) 
• 𝑝 𝑎 𝑏  for all “a”, “b” in vocabulary

• 3-gram (Trigram) (memory =2)
• 𝑝 𝑎 𝑏, 𝑐  for all possible triples “a”, “b”, “c” in vocabulary

• Example: take a text corpus with 100000 words; 

• # of possible combinations of length N = 10000N = 105N

• As N (context length) increases, N-gram models do not scale well…too 
many sequences to learn from..

N-Gram Models (1)



5

• Inference/Decoding: Auto-regressive decoding via N-gram models:

• Example: N=2 : 𝑝 𝑤𝑡 𝑤𝑡−1) → complete the t-th word based on the 
memory from one past word..

• Example: N=3 : 𝑝 𝑤𝑡 𝑤𝑡−1, 𝑤𝑡−2) → complete the t-th word based on 
the memory from two past word..

• Sample text (Shakespeare) generated by N-gram models..

N-Gram Models (2)
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• Inference/Decoding: Auto-regressive decoding via N-gram models:

• Example: N=2 : 𝑝 𝑤𝑡 𝑤𝑡−1) → complete the t-th word based on the 
memory from one past word..

• Example: N=3 : 𝑝 𝑤𝑡 𝑤𝑡−1, 𝑤𝑡−2) → complete the t-th word based on 
the memory from two past word..

• Sample text (Shakespeare) generated by N-gram models..

N-Gram Models (3)
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Recurrent Neural Networks (RNNs)
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Recurrent Neural Networks (RNNs)RNN SIMPLE EXAMPLE

Consider the following simple character model:

• alphabet consists of { h, e, l, o} , one-hot encoded

• hidden layers evolve as ht = σ (Whhht− 1 + Wxhxt)

... (σ is usual activation nonlinearity, here t anh)

• output yt = Whyht (think l ogi t s ... then take softmax)

ht t p: / / kar pat hy. gi t hub. i o/ 2015/ 05/ 21/ r nn- ef f ect i veness/

Intent: ht carries longer-range context, without exponential parameters of N-gram models.

Advanced Machine Learning 29 / 62
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Whh, Wxh 
(weights of hidden layers)

Wyh
(weights of output layers)

Weights shared across 
layers!  (fewer parameters 
to learn)
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Recurrent Neural Networks (RNNs)

LONG SHORT-TERM MEMORY NETWORKS

Long Short-Term Memory Networks are thefirst big idea for giving RNNs better memory context

• Custom engineered network architecture to have a notion of memory

• (recall CNNs: hand-chosen architecture to exploit problem structure)

• Origin [Hochreiter and Schmidhuber 1997]; many times improved and iterated since then

Understand the abstraction: there is simply a network g✓ evolving hidden state
Original RNN Full LSTM

ht = tanh (Wxhxt + Whhht− 1 + bh)

ft = σ (Wxf xt + Whf ht− 1 + bf )

it = σ (Wxixt + Whiht− 1 + bi)

c̃t = tanh (Wxcxt + Whcht− 1 + bc)

ot = σ (Wxoxt + Whoht− 1 + bo)

ct = ct− 1 ft + c̃t i t
ht = tanh (ct) ot

Pictures from ht t p: / / col ah. gi t hub. i o/ post s/ 2015- 08- Under st andi ng- LSTMs/

Notation consistent with [Jozefowicz et al 2015]

Advanced Machine Learning 31 / 62

• RNNs keep a “hidden” state to 
track for memory

• Weights shared across 
layers!  (fewer parameters 
to learn)

• RNNs suffer from vanishing 
      gradients problem 
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Long Short Term Memory (LSTMs)

LONG SHORT-TERM MEMORY NETWORKS

Long Short-Term Memory Networks are thefirst big idea for giving RNNs better memory context

• Custom engineered network architecture to have a notion of memory

• (recall CNNs: hand-chosen architecture to exploit problem structure)

• Origin [Hochreiter and Schmidhuber 1997]; many times improved and iterated since then

Understand the abstraction: there is simply a network g✓ evolving hidden state
Original RNN Full LSTM

ht = tanh (Wxhxt + Whhht− 1 + bh)

ft = σ (Wxf xt + Whf ht− 1 + bf )

i t = σ (Wxixt + Whiht− 1 + bi)

c̃t = tanh (Wxcxt + Whcht− 1 + bc)

ot = σ (Wxoxt + Whoht− 1 + bo)

ct = ct− 1 ft + c̃t it
ht = tanh (ct) ot

Pictures from ht t p: / / col ah. gi t hub. i o/ post s/ 2015- 08- Under st andi ng- LSTMs/

Notation consistent with [Jozefowicz et al 2015]

Advanced Machine Learning 31 / 62

LSTMs introduce a “gating” mechanism for 
better incorporating memory/context

• Forget gate (f): which information to discard 
from previous cell state

• Input gate (i): which information to store in 
current cell state

• Candidate cell state (~c): proposed new 
candidate valued to be stored in cell state

• Cell state ( c) : this is the memory of LSTM 
with long-term dependencies

• Output gate (o): controls what information to 
be passed from previous hidden state and the 
output

• Hidden state (h): this is the output of LSTM at 
current time step
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LSTM Cell State
LSTM CELL STATE

Rather than hidden state ht, we now pass ht and a cell state ct

• This isno problem: define h̄t ,
ht

ct
, and it is still an RNN.

The cell state:

• provides a channel for long-range information/memory to propagate forward

• without corrupting/compromising the hidden state (which isdirectly output relevant)

Note: the LSTM network architecture isoften (inconveniently?) called an LSTM cell.

Advanced Machine Learning 32 / 62
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LSTM Forget Gate
LSTM FORGET GATE

Now we must consider how the hidden state and cell state interact. First, the forget gate:

• Conceptually, ft chooses to forget or pass the current cell state

• Elementwise forgetting, so it is doing so individually for each unit (the width) of ct

ft = σ (Wxf xt + Whf ht− 1 + bf )

The forget gate

• can be thought of asprojecting dimensions of xt and ht− 1

• ... that remove or persist certain dimensions of ct

• Convince yourself that this is a useful way to free or hold data in memory

• Note: σ must be 2 [0, 1], but can be sigmoid, tanh, etc...

Advanced Machine Learning 33 / 62
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LSTM Input GateLSTM INPUT GATE

Continuing hidden state and cell state interaction. The input gate:
• If ft chooses to forget or pass the existing cell state...
• Input it chooses what to pass in as a new cell state
• Again elementwise...

it = σ (Wxixt + Whiht− 1 + bi)

c̃t = tanh (Wxcxt + Whcht− 1 + bc)

The input gate
• can be thought of asprojecting dimensions of xt and ht− 1

• ... that load or ignore certain dimensions of the new proposed cell state c̃t

• Convince yourself that this is a useful way to load/not load data into memory
• Note: again σ must be 2 [0, 1], but can be sigmoid, tanh, etc...

Advanced Machine Learning 34 / 62
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LSTM Cell State (again)
LSTM CELL STATE AGAIN

The effects of the forget and input gates are then loaded onto the cell state ct:

• Elementwise action of persisting/overwriting the long-term memory cell ct

ct = ct− 1 ft + c̃t it

Critical to intuition:

• This is neural networks, so we hope to learn from data when to forget, load, etc.

• All operations here are elementwise, so many different loads/persists occur in parallel

• So far we haven’t affected ht yet...

Advanced Machine Learning 35 / 62
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LSTM Output GateLSTM OUTPUT GATE

Continuing hidden state and cell state interaction, but now to ht. The output gate:

• If ft chooses to forget or pass, and it chooses what to pass...
• ot chooses when to write out the cell ct to ht.

ot = σ (Wxoxt + Whoht− 1 + bo)

ht = tanh (ct) ot

Sameas before: the output gate is a useful way to send data onto ht

Note the key and complementary differences here between ht and ct;

• ht is either the output or parameterizes the output yt|ht.
• ht thus has short-term or more immediately relevant data
• ct can persist over long-range periods and needn’ t (directly) drive output (ot)

Advanced Machine Learning 36 / 62
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RNNs vs LSTMs
LONG SHORT-TERM MEMORY NETWORKS

We have built up the structure of a standard LSTM

• there are many minor variants

• but all share the basic forget/input/output and cell/hidden components

• thankfully, neural network libraries abstract all these blocks and parameters away

• The key reminder: likea CNN, this is just a (highly engineered) neural network g✓

Original RNN Full LSTM

ht = tanh (Wxhxt + Whhht− 1 + bh)

ft = σ (Wxf xt + Whf ht− 1 + bf )

i t = σ (Wxixt + Whiht− 1 + bi)

c̃t = tanh (Wxcxt + Whcht− 1 + bc)

ot = σ (Wxoxt + Whoht− 1 + bo)

ct = ct− 1 ft + c̃t i t
ht = tanh (ct) ot

Advanced Machine Learning 37 / 62
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•  What is Tokenization: Tokenization is the process of breaking down text into smaller units (“tokens”) for processing 
by language models.

•  Types of tokens for language models:

1. Words: whole words treated as “tokens”

2. Sub-words: pieces of words (prefix, suffix etc) can be tokens (most commonly used)

3. Characters: individual letters or symbols

• Word-based Tokenization:

• Example: “I love AI.” → [“I”, “love”, “AI”]

• Pros: Simplicity.

• Cons: Large vocabulary; doesn’t handle rare/misspelled words well.

•  Subword Tokenization (e.g., Byte-Pair-Encoding (BPE)):

• Example: “running” → [“run”, “ning”]

• Pros: Compact vocabularies, effective for unseen words.

• Cons: More computational complexity.

• Character-level Tokenization:

• Example: “AI” → [“A”, “I”]

• Pros: Handles rare words naturally.

• Cons: Long sequences, harder for models to learn dependencies.

Tokenization in LLMs
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•  Each token in Vocabulary is assigned a high-dimensional embedding 

    (Embedding dim = D)

Tokenization in LLMs

Model V (vocabulary 
size)

D (embedding 
dim)

Tokenizer

GPT-2 (S, M, L) 50257 768, 1024, 1280 BPE

GPT-3 50257 12,288 BPE

BERT 30522 768 WordPiece

T5 32000 SentencePiece

LLaMA 32000 4096 SentencePiece

V = # of tokens in the vocabulary

D = Size of the embedding vector for each token

E (embedding matrix) = V x D matrix (can think of it as a look-up table)
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Byte-Pair Encoding (BPE): Vocabulary Creation

•  Goal: given a large text corpus, create a vocabulary of words/sub-words of a desired size which can handle 
hopefully unseen words. We also need to learn “merge rules”, i.e., if/how to combine adjacent tokens.

• Step 1 (initialize tokens) 

•Corpus: "low lower lowest"            Tokens: ["l o w _", "l o w e r _", "l o w e s t _"]

• Step 2 (count adjacent pair frequencies)

• Pair Frequencies: ("l", "o") → 3, ("o", "w") → 3, ("w", "_") → 3, ("w", "e") → 2, ("e", "r") → 2, 

                               ("e", "s") → 1, ("s", "t") → 1

• Step 3 (Merge most frequent pair)

• Tokens after merging: ["lo w _", "lo w e r _", "lo w e s t _"]

• (Keep repeating Steps 2 and 3.. compute new pair frequencies & merge again..)

• Pair Frequencies: ("lo", "w") → 3, ("w", "_") → 3, ("w", "e") → 2, ("e", "r") → 2, ("e", "s") → 1, ("s", "t") 
→ 1

• Final Vocabulary:["l", "o", "w", "lo", "low", "low_", "e", "r", "s", "t", "_"]

• Final Merge Rules: 

 1. ("l", "o") → "lo" (rule learned in 1st iteration)

 2. ("lo", "w") → "low"  (rule learned in 2nd iteration)

 3. ("low", "_") → "low_” (rule learned in 3rd iteration)..and so on
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Byte-Pair Encoding (BPE): Inference Stage
• We are provided a Vocabulary of tokens: ["l", "o", "w", "lo", "low", "er", "low_", "er_", "_"]

• We are provided the Merge Rules: 

1. ("l", "o") → "lo"

2. ("lo", "w") → "low"

3. ("low", "_") → "low_"

4. ("e", "r") → "er"

5. ("er", "_") → "er_"

Goal: given some text, we wish to convert it to a sequence of tokens via BPE

Example: Input is “lower”--> Initial Tokens: ["l", "o", "w", "e", "r", "_"]  Next apply merge rules in order 

 Merge ("l", "o"): Apply Rule 1: ("l", "o") → "lo” Updated Tokens: ["lo", "w", "e", "r", "_"]

 Merge ("lo", "w"): Apply Rule 2: ("lo", "w") → "low” Updated Tokens: ["low", "e", "r", "_"]

 Merge ("low", "_"): Apply Rule 3: ("low", "_") → "low_” Updated Tokens: ["low_", "e", "r", "_"]

 Merge ("e", "r"): Apply Rule 4: ("e", "r") → "er” Updated Tokens: ["low_", "er", "_”

 Merge ("er", "_"): Apply Rule 5: ("er", "_") → "er_” Updated Tokens: ["low_", "er_"]

• Final Tokens: ["low_", "er_"] 

• Vocabulary Mapping: "low_" → 6 "er_" → 7 

• Token IDs: [6, 7]
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“Seq2seq” Paper (2014)
ar

X
iv

:1
4

0
9

.3
2

1
5

v
3

  
[c

s.
C

L
] 

 1
4

 D
ec

 2
0

1
4

Sequence to Sequence Learning

with Neural Networks

Ilya Sutskever
Google

ilyasu@google.com

Oriol Vinyals
Google

vinyals@google.com

Quoc V. Le
Google

qvl@google.com

Abstract

Deep Neural Networks (DNNs) are powerful models that have achieved excel-
lent performance on difficult learning tasks. Although DNNs work well whenever
large labeled training sets are available, they cannot be used to map sequences to
sequences. In this paper, we present a general end-to-end approach to sequence
learning that makes minimal assumptions on the sequence structure. Our method
uses a multilayered Long Short-Term Memory (LSTM) to map the input sequence
to a vector of a fixed dimensionality, and then another deep LSTM to decode the
target sequence from the vector. Our main result is that on an English to French
translation task from the WMT’14 dataset, the translations produced by the LSTM
achieve a BLEU score of 34.8 on the entire test set, where the LSTM’s BLEU
score was penalized on out-of-vocabulary words. Additionally, the LSTM did not
have difficulty on long sentences. For comparison, a phrase-based SMT system
achieves a BLEU score of 33.3 on the same dataset. When we used the LSTM
to rerank the 1000 hypotheses produced by the aforementioned SMT system, its
BLEU score increases to 36.5, which is close to the previous best result on this
task. The LSTM also learned sensible phrase and sentence representations that
are sensitive to word order and are relatively invariant to the active and the pas-
sive voice. Finally, we found that reversing the order of the words in all source
sentences (but not target sentences) improved the LSTM’s performance markedly,
because doing so introduced many short term dependencies between the source
and the target sentence which made the optimization problem easier.

1 Introduction

Deep Neural Networks (DNNs) are extremely powerful machine learning models that achieve ex-
cellent performance on difficult problems such as speech recognition [13, 7] and visual object recog-
nition [19, 6, 21, 20]. DNNs are powerful because they can perform arbitrary parallel computation
for a modest number of steps. A surprising example of the power of DNNs is their ability to sort
N N -bit numbers using only 2 hidden layers of quadratic size [27]. So, while neural networks are
related to conventional statistical models, they learn an intricate computation. Furthermore, large
DNNs can be trained with supervised backpropagation whenever the labeled training set has enough
information to specify the network’s parameters. Thus, if there exists a parameter setting of a large
DNN that achieves good results (for example, because humans can solve the task very rapidly),
supervised backpropagation will find these parameters and solve the problem.

Despite their flexibility and power, DNNs can only be applied to problems whose inputs and targets
can be sensibly encoded with vectors of fixed dimensionality. It is a significant limitation, since
many important problems are best expressed with sequences whose lengths are not known a-priori.
For example, speech recognition and machine translation are sequential problems. Likewise, ques-
tion answering can also be seen as mapping a sequence of words representing the question to a

1

• Introduced a new approach for sequence-to-sequence translation

• Proposed an Encoder-Decoder architecture

• Encoder: takes an input sequence and compute a “hidden” representation of input

• Decoder: Use hidden representation to sequentially decode/produce output. 

sequence of words representing the answer. It is therefore clear that a domain-independent method
that learns to map sequences to sequences would be useful.

Sequences pose a challenge for DNNs because they require that the dimensionality of the inputs and
outputs is known and fixed. In this paper, we show that a straightforward application of the Long
Short-Term Memory (LSTM) architecture [16] can solve general sequence to sequence problems.
The idea is to use one LSTM to read the input sequence, one timestep at a time, to obtain large fixed-
dimensional vector representation, and then to use another LSTM to extract the output sequence
from that vector (fig. 1). The second LSTM is essentially a recurrent neural network language model
[28, 23, 30] except that it is conditioned on the input sequence. The LSTM’s ability to successfully
learn on data with long range temporal dependencies makes it a natural choice for this application
due to the considerable time lag between the inputs and their corresponding outputs (fig. 1).

There have been a number of related attempts to address the general sequence to sequence learning
problem with neural networks. Our approach is closely related to Kalchbrenner and Blunsom [18]
who were the first to map the entire input sentence to vector, and is related to Cho et al. [5] although
the latter was used only for rescoring hypotheses produced by a phrase-based system. Graves [10]
introduced a novel differentiable attention mechanism that allows neural networks to focus on dif-
ferent parts of their input, and an elegant variant of this idea was successfully applied to machine
translation by Bahdanau et al. [2]. The Connectionist Sequence Classification is another popular
technique for mapping sequences to sequences with neural networks, but it assumes a monotonic
alignment between the inputs and the outputs [11].

Figure 1: Our model reads an input sentence “ABC” and produces “WXYZ” as the output sentence. The
model stops making predictions after outputting the end-of-sentence token. Note that the LSTM reads the
input sentence in reverse, because doing so introduces many short term dependencies in the data that make the
optimization problem much easier.

The main result of this work is the following. On the WMT’14 English to French translation task,
we obtained a BLEU score of 34.81 by directly extracting translations from an ensemble of 5 deep
LSTMs (with 384M parameters and 8,000 dimensional state each) using a simple left-to-right beam-
search decoder. This is by far the best result achieved by direct translation with large neural net-
works. For comparison, the BLEU score of an SMT baseline on this dataset is 33.30 [29]. The 34.81
BLEU score was achieved by an LSTM with a vocabulary of 80k words, so the score was penalized
whenever the reference translation contained a word not covered by these 80k. This result shows
that a relatively unoptimized small-vocabulary neural network architecture which has much room
for improvement outperforms a phrase-based SMT system.

Finally, we used the LSTM to rescore the publicly available 1000-best lists of the SMT baseline on
the same task [29]. By doing so, we obtained a BLEU score of 36.5, which improves the baseline by
3.2 BLEU points and is close to the previous best published result on this task (which is 37.0 [9]).

Surprisingly, the LSTM did not suffer on very long sentences, despite the recent experience of other
researchers with related architectures [26]. We were able to do well on long sentences because we
reversed the order of words in the source sentence but not the target sentences in the training and test
set. By doing so, we introduced many short term dependencies that made the optimization problem
much simpler (see sec. 2 and 3.3). As a result, SGD could learn LSTMs that had no trouble with
long sentences. The simple trick of reversing the words in the source sentence is one of the key
technical contributions of this work.

A useful property of the LSTM is that it learns to map an input sentence of variable length into
a fixed-dimensional vector representation. Given that translations tend to be paraphrases of the
source sentences, the translation objective encourages the LSTM to find sentence representations
that capture their meaning, as sentences with similar meanings are close to each other while different

2
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“Seq2seq” Paper: Encoder

• Given an input sequence X: first tokenize it, say we obtain (x1, x2,..,xT)

• Encoder: sequentially process the input and compute hidden representations

• h1 = Enc(x1, h0)

• h2 = Enc(x2, h1)

• h3 = Enc(x3, h2)…and so on till one reaches end: hT = Enc(xT, h(T-1)).

• v = hT is the fixed representation of the entire input sequence

• Decoder:  

Encoder-Decoder Architectures 
(Sutskever et al., 2014)

Henry Chai - 2/28/24 19Source: https://arxiv.org/pdf/1506.00019.pdf 

Encoder network Decoder network
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“Seq2seq” Paper: Decoder

•v = hT is the fixed representation of the entire input sequence

• Decoder:  
• hdec(1) = Dec(V, 0) → Softmax(Whdec(1)+ b(1)) (over vocab) → decode y1

• hdec(2) = Dec(V, hdec(1)) → Softmax(Whdec(2) + b(2)) → decode y2

• hdec(3) = Dec(V, hdec(2)) → Softmax(Whdec(3) + b(3)) → decode y2

• Auto-regressive decoding as before.

• Each “Dec(..)” is a trainable LSTM block (“deep” LSTMs were used)

Encoder-Decoder Architectures 
(Sutskever et al., 2014)

Henry Chai - 2/28/24 19Source: https://arxiv.org/pdf/1506.00019.pdf 

Encoder network Decoder network
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“Seq2seq”: Datasets & Performance Metrics

• Used WMT 14 English-to-French Translation Dataset  (WMT = workshop on Machine translation)

•Training Data: 36 million English-French sentence pairs

• Test Data: 4.5 million Eng-Fr sentence pairs

• Performance Metric: BLEU Score (Bilingual Evaluation Understudy)

• BLEU measures the closeness of a machine translation to human translation

• Takes set of MT generated sequences and reference sequences 

• Measures the n-gram overlap between these two sets of sequences 

• BLEU Scores range from 0 (no overlap) to 100 (highest overlap)
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BLEU Score (Bilingual Evaluation Understudy)

How Does It Work?

• Step 1: Tokenization: Split text into words or subwords.

• Step 2: n-Gram Precision: Calculate precision for n-grams:

   Precision(n) = (Count of Matching n-grams) / (Count of Total n-grams in MT)

• Step 3: Brevity Penalty (BP): Penalizes short translations:

                   BP = 1, if c > r or exp(1 - r/c), if c ≤ r, where c: MT length, r: reference length.

•  Step 4: Final BLEU Score: Combine precision and BP:

   BLEU = BP × exp(Σ (w_n × log Precision_n)) (Default w_n = 1/N).

Example:  Reference: The cat is on the mat.        MT: The cat is on mat.

- 1-gram precision: 5/5 = 1.0

- 2-gram precision: 3/4 = 0.75

- Brevity Penalty: exp(1 - 6/5) 

- BLEU = 0.82 × exp(0.5 × (log(1.0) + log(0.75))) ≈ 0.71.
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“Seq2seq” Paper: Results

• Key Takeaway(s) from Seq2Seq paper

•Introduced a new approach for sequence to sequence translation

•Proposed an Encoder-Decoder architecture

•Impressive results on language translation tasks 

• Shortcomings: reliance on a single hidden representation of the input

• Harder to deal with longer sentences. 

• What next? “Attention is all you need paper”

Method test BLEU score (ntst14)

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 LSTMs, beam size 1 33.00

Ensemble of 2 reversed LSTMs, beam size 12 33.27

Ensemble of 5 reversed LSTMs, beam size 2 34.50

Ensemble of 5 reversed LSTMs, beam size 12 34.81

Table 1: The performance of the LSTM on WMT’14 English to French test set (ntst14). Note that
an ensemble of 5 LSTMs with a beam of size 2 is cheaper than of a single LSTM with a beam of
size 12.

Method test BLEU score (ntst14)

Baseline System [29] 33.30

Cho et al. [5] 34.54

Best WMT’14 result [9] 37.0

Rescoring the baseline 1000-best with a single forward LSTM 35.61

Rescoring the baseline 1000-best with a single reversed LSTM 35.85

Rescoring the baseline 1000-best with an ensemble of 5 reversed LSTMs 36.5

Oracle Rescoring of the Baseline 1000-best lists ∼45

Table 2: Methods that use neural networks together with an SMT system on the WMT’14 English
to French test set (ntst14).

task by a sizeable margin, despite its inability to handle out-of-vocabulary words. The LSTM is
within 0.5 BLEU points of the best WMT’14 result if it is used to rescore the 1000-best list of the
baseline system.

3.7 Performance on long sentences

We were surprised to discover that the LSTM did well on long sentences, which is shown quantita-
tively in figure 3. Table 3 presents several examples of long sentences and their translations.

3.8 Model Analysis
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I was given a card by her in the garden

Figure 2: The figure shows a 2-dimensional PCA projection of the LSTM hidden states that are obtained
after processing the phrases in the figures. The phrases are clustered by meaning, which in these examples is
primarily a function of word order, which would be difficult to capture with a bag-of-words model. Notice that
both clusters have similar internal structure.

One of the attractive features of our model is its ability to turn a sequence of words into a vector
of fixed dimensionality. Figure 2 visualizes some of the learned representations. The figure clearly
shows that the representations are sensitive to the order of words, while being fairly insensitive to the
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