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and model-space discriminative training is applied using the 
BMMI or MPE criterion. 

Using alignments from a baseline system, [32] trained a 
DBN-DNN acoustic model on 50 h of data from the 1996 and 
1997 English Broadcast News Speech Corpora [37]. The 
 DBN-DNN was trained with the 
best-performing LVCSR features, 
specifically the SAT+DT features. 
The DBN-DNN architecture con-
sisted of six hidden layers with 
1,024 units per layer and a final 
softmax layer of 2,220 context-
dependent states. The SAT+DT 
feature input into the first layer 
used a context of nine frames. 
Pretraining was performed fol-
lowing a recipe similar to [42]. 

Two phases of fine-tuning were performed. During the first 
phase, the cross entropy loss was used. For cross entropy train-
ing, after each iteration through the whole training set, loss is 
measured on a held-out set and the learning rate is annealed 
(i.e., reduced) by a factor of two if the held-out loss has grown 
or improves by less than a threshold of 0.01% from the previ-
ous iteration. Once the learning rate has been annealed five 
times, the first phase of fine-tuning stops. After weights are 
learned via cross entropy, these weights are used as a starting 
point for a second phase of fine-tuning using a sequence crite-
rion [37] that utilizes the MPE objective function, a discrimi-
native objective function similar to MMI [7] but which takes 
into account phoneme error rate. 

A strong SAT+DT GMM-HMM baseline system, which con-
sisted of 2,220 context-dependent states and 50,000 Gaussians, 
gave a WER of 18.8% on the EARS Dev-04f set, whereas the 
DNN-HMM system gave 17.5% [50]. 

SUMMARY OF THE MAIN RESULTS FOR 
DBN-DNN ACOUSTIC MODELS ON LVCSR TASKS
Table 3 summarizes the acoustic modeling results described 
above. It shows that DNN-HMMs consistently outperform 
GMM-HMMs that are trained on the same amount of data, 
sometimes by a large margin. For some tasks, DNN-HMMs 
also outperform GMM-HMMs that are trained on much 
more data. 

SPEEDING UP DNNs AT RECOGNITION TIME
State pruning or Gaussian selection methods can be used to 
make GMM-HMM systems computationally efficient at recogni-
tion time. A DNN, however, uses virtually all its parameters at 
every frame to compute state likelihoods, making it potentially 

much slower than a GMM with a 
comparable number of parame-
ters. Fortunately, the time that a 
DNN-HMM system requires to 
recognize 1 s of speech can be 
reduced from 1.6 s to 210 ms, 
without decreasing recognition 
accuracy, by quantizing the 
weights down to 8 b and using 
the very fast SIMD primitives for 
fixed-point computation that are 
provided by a modern x86 cen-

tral processing unit [49]. Alternatively, it can be reduced to 
66 ms by using a graphics processing unit (GPU). 

ALTERNATIVE PRETRAINING METHODS FOR DNNs
Pretraining DNNs as generative models led to better recognition 
results on TIMIT and subsequently on a variety of LVCSR tasks. 
Once it was shown that DBN-DNNs could learn good acoustic 
models, further research revealed that they could be trained in 
many different ways. It is possible to learn a DNN by starting with 
a shallow neural net with a single hidden layer. Once this net has 
been trained discriminatively, a second hidden layer is interposed 
between the first hidden layer and the softmax output units and 
the whole network is again discriminatively trained. This can be 
continued until the desired number of hidden layers is reached, 
after which full backpropagation fine-tuning is applied. 

This type of discriminative pretraining works well in prac-
tice, approaching the accuracy achieved by generative DBN pre-
training and further improvement can be achieved by stopping 
the discriminative pretraining after a single epoch instead of 
multiple epochs as reported in [45]. Discriminative pretraining 
has also been found effective for the architectures called “deep 
convex network” [51] and “deep stacking network” [52], where 
pretraining is accomplished by convex optimization involving 
no generative models. 

Purely discriminative training of the whole DNN from ran-
dom initial weights works much better than had been thought, 

provided the scales of the initial 
weights are set carefully, a large 
amount of labeled training data is 
available, and minibatch sizes over 
training epochs are set appropri-
ately [45], [53]. Nevertheless, gen-
erative pretraining still improves 
test performance, sometimes by a 
significant amount. 

Layer-by-layer generative pre-
training was originally done 
using RBMs, but various types of 

[TABLE 3] A COMPARISON OF THE PERCENTAGE WERs USING DNN-HMMs AND 
GMM-HMMs ON FIVE DIFFERENT LARGE VOCABULARY TASKS.

TASK 
HOURS OF 
TRAINING DATA DNN-HMM

GMM-HMM 
WITH SAME DATA

GMM-HMM 
WITH MORE DATA

SWITCHBOARD (TEST SET 1) 309 18.5 27.4 18.6 (2,000 H) 

SWITCHBOARD (TEST SET 2) 309 16.1 23.6 17.1 (2,000 H) 

ENGLISH BROADCAST NEWS 50 17.5 18.8 

BING VOICE SEARCH 
(SENTENCE ERROR RATES) 24 30.4 36.2 

GOOGLE VOICE INPUT 5,870 12.3 16.0 (22 5,870 H)

YOUTUBE 1,400 47.6 52.3 

DISCRIMINATIVE PRETRAINING
HAS ALSO BEEN FOUND EFFECTIVE 
FOR THE ARCHITECTURES CALLED 
“DEEP CONVEX NETWORK”  AND 

“DEEP STACKING NETWORK,” WHERE 
PRETRAINING IS ACCOMPLISHED BY 
CONVEX OPTIMIZATION INVOLVING 

NO GENERATIVE MODELS.

(Hinton et al. 2012)

DNN = 
deep neural networks
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GT: forklift

1: forklift

2: garbage truck

3: tow truck

4: trailer truck

5: go-kart

GT: birdhouse

1: birdhouse

2: sliding door

3: window screen

4: mailbox

5: pot

GT: microwave

1: microwave

2: washer

3: toaster

4: stove

5: dishwasher

GT: sunscreen

1: hair spray

2: ice lolly

3: sunscreen

4: water bottle

5: lotion

GT: wooden spoon

1: wok

2: frying pan

3: spatula

4: wooden spoon

5: hot pot

GT: flute

1: flute

2: oboe

3: panpipe

4: trombone

5: bassoon

GT: geyser

1: geyser

2: volcano

3: sandbar

4: breakwater

5: leatherback turtle

GT: mountain tent

1: sleeping bag

2: mountain tent

3: parachute

4: ski

5: flagpole

GT: go-kart

1: go-kart

2: crash helmet

3: racer

4: sports car

5: motor scooter

GT: banjo

1: acoustic guitar

2: shoji

3: bow tie

4: cowboy hat

5: banjo

GT: torch

1: stage

2: spotlight

3: torch

4: microphone

5: feather boa

GT: yellow lady's slipper

1: yellow lady's slipper

2: slug

3: hen-of-the-woods

4: stinkhorn

5: coral fungus

GT: horse cart

1: horse cart

2: minibus

3: oxcart

4: stretcher

5: half track

GT: coucal

1: coucal

2: indigo bunting

3: lorikeet

4: walking stick

5: custard apple

GT: komondor

1: komondor

2: patio

3: llama

4: mobile home

5: Old English sheepdog

Figure 4. Example validation images successfully classified by our
method. For each image, the ground-truth label and the top-5 la-
bels predicted by our method are listed.

task [6], machines still have obvious errors in cases that are
trivial for humans. Nevertheless, we believe that our re-
sults show the tremendous potential of machine algorithms
to match human-level performance on visual recognition.

GT: restaurant

1: plate

2: meat loaf

3: ice cream

4: chocolate sauce

5: potpie

GT: restaurant

1: goblet

2: plate

3: candle

4: red wine

5: dining table

GT: restaurant

1: wine bottle

2: candle

3: red wine

4: French loaf

5: wooden spoon

GT: spotlight

1: grand piano

2: folding chair

3: rocking chair

4: dining table

5: upright piano

GT: spotlight

1: altar

2: candle

3: perfume

4: restaurant

5: confectionery

GT: spotlight

1: acoustic guitar

2: stage

3: microphone

4: electric guitar

5: banjo

GT: letter opener

1: drumstick

2: candle

3: wooden spoon

4: spatula

5: ladle

GT: letter opener

1: Band Aid

2: ruler

3: rubber eraser

4: pencil box

5: wallet

GT: letter opener

1: fountain pen

2: ballpoint

3: hammer

4: can opener

5: ruler

Figure 5. Example validation images incorrectly classified by our
method, in the three classes with the highest top-5 test error. Top:
“letter opener” (49% top-5 test error). Middle: “spotlight” (38%).
Bottom: “restaurant” (36%). For each image, the ground-truth
label and the top-5 labels predicted by our method are listed.
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Hype?

• Signal im menschlichen Gehirn braucht 10ms, um 
von einem Neuron zum anderen zu kommen. 

• Das bedeutet: Jedes Problem, das ein Mensch in 
100ms lösen kann, kann ein zehn-lagiges 
künstliches neuronales Netzwerk auch lösen. 

• Wollen wir das glauben?



Kurze Geschichte

• 1958 - Rosenblatt erfindet Perceptron. 

• 1969 - Minsky & Papert zeigen, dass Perceptron 
nicht XOR lernen kann. 

• 1986 - Rumelhart, Hinton, Williams popularisieren 
Backpropagation-Algorithmus zum Training von 
tiefen NNs. 

• seit ca. 2005 - Deep Learning wird durch Lerntricks 
und schnellere Hardware praktikabel.



Ein künstliches Neuron

a1 an… +1

w1 wn b

o

f ist eine Aktivierungsfunktion, typischerweise nicht-linear.

o = f(
nX

i=1

wi · ai + b)



Typische Aktivierungsfunktionen

Non-linearities: What’s used 
%logisGc%(“sigmoid”)%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%tanh%

%

%
%

%
%

%
%

tanh%is%just%a%rescaled%and%shi^ed%sigmoid%

tanh%is%what%is%most%used%and%o^en%performs%best%for%deep%nets%
%

tanh(z) = 2logistic(2z)−1

179%

Non-linearities: There are various 
other choices 
hard%tanh%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%so^%sign% %recGfier%
%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%
%
%

•  hard%tanh%similar%but%computaGonally%cheaper%than%tanh%and%saturates%hard.%

•  [Glorot%and%Bengio%AISTATS%2010,%2011]%discuss%so^sign%and%recGfier%

rect(z) =max(z, 0)softsign(z) = a
1+ a

180%

�(z) =
1

1 + e�zsigmoid tanh(z) =
ez � e�z

ez + e�z
= 2 · �(2z)� 1



Perzeptron
einfachstes denkbares NN: Eine Schicht, f(x) = x

x1 xn…

w1 wn

y

Mark I Perceptron, 1957



Nichtlinearitäten

NonIlineari;es&(f):&Why&they’re&needed&

•  Example: function approximation,  
e.g., regression or classification 
•  Without non-linearities, deep neural 

networks can’t do anything more than a 
linear transform 

•  Extra layers could just be compiled down 
into a single linear transform:  
W1'W2'x = Wx 

•  With more layers, they can approximate 
more complex functions! 

39' f linear: kann Klassen nur 
an Hyperebene trennen

f nichtlinear: kann an  
“krummen” Linien trennen

(Bilder von Socher-Folien)



Tiefere Netzwerke

xn

x1

.

.

.

ym

y1

…

h

(1)
j = f1(

nX

i=1

w

(1)
ji · xi) h(3) = f3(W

(3) · h2)

W(i) sind Gewichtsmatrizen



Tiefere Netzwerke
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•  Extra layers could just be compiled down 
into a single linear transform:  
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•  With more layers, they can approximate 
more complex functions! 

39'

(Bilder von Socher-Folien)

Je mehr Schichten (M), desto einfacher kann ein 
 neuronales Netz auch komplexe Funktionen beschreiben.

Entsprechend steigt die Gefahr von Overfitting!



Log-lineare Modelle und NNs

• Ein einzelnes Neuron mit Sigmoid-Aktivierungs-
funktion implementiert ein log-lineares Modell. 

• Netzwerk von solchen Neuronen repräsentiert beliebig 
gewichtete Kombinationen von log-linearen Modellen.

a1 an… +1

w1 wn b

σ

an+1 a2n… +1

wn+1 w2n b

σ

a2n+1 a3n… +1

w2n+1 w3n b

σ

σ σ



Training von NNs

• Wie Parameter von NNs aus Daten schätzen? 
‣ Parameter = Einträge in den Gewichtsmatrizen 

‣ überwachtes Lernen: Trainingsinstanzen  
(x(1),y(1)), …, (x(N),y(N)) 

• Muss Zielfunktion J(o,y) festlegen: 
‣ vergleicht Ausgabe o des NN mit Goldstandard y 

‣ Lerner minimiert Wert von J(o,y) auf den Trainingsdaten 

‣ in der Literatur viele Zielfunktionen



Training von NNs

• Standard-Trainingsverfahren für NNs:  
(Stochastic) Gradient Descent. 

• Berechne in jeder Iteration den Gradienten 𝛻J von J, 
d.h. den Vektor 

• Gradient zeigt in Richtung des 
steilsten Abstiegs. Damit Update:

(
@J

@w(1)
11

, . . . ,
@J

@w(M)
mn

)

Wt+1 = Wt + ⌘ ·rJ(Wt)



Berechnung des Gradienten

• Backpropagation-Algorithmus berechnet effizient 
Gradienten unter Ausnutzung der Kettenregel:

x1 xn…
w1 wn

o

(Least Mean Squares)

b =
nX

i=1

wi · xi

o = �(b)

J(o, y) =
1

2
(o� y)2

@J

@w1
=

@J

@o

· @o
@b

· @b

@w1

= (y � o) · �(b)

1� �(b)
· x1



Berechnung des Gradienten

• Backpropagation funktioniert auch, wenn x1 kein 
Eingabeknoten ist, sondern innerer Knoten. 
‣ Dann im nächsten Schritt nochmal Kettenregel anwenden 

und Gewichte für eingehende Kanten von x1, etc. 

• Vanishing-Gradient-Problem: Je weiter Schicht von 
Ausgabeschicht entfernt liegt, desto näher an Null 
werden die Gradienten. 

• Auswege: Pre-Training; massiv parallele 
Berechnung (auf Grafikkarten); Tricks.



Anwendungen in der CL

• Mikolov et al. 10, 13: Word Embeddings 
(word2vec) 

• Collobert et al. 11: NLP from scratch  
(Named Entity Recognition, POS-Tagging, etc.) 

• Sutskever et al. 14, Vinyals et al. 15: 
Maschinelle Übersetzung, Parsing



• Ziel: Sprachmodellierung. Dazu wollen wir 
vorhersagen, welches Wort in einem bestimmten 
Kontext steht. 

• Zentrale Frage: Wie repräsentiert man Wörter? 
→ word embeddings

Word Embeddings

cat sat ???? a mat

on



Word Embeddings

• One-hot encoding: Jedes Wort ein 0-1 Vektor. 

• Word Embeddings: n x |V|-Matrix L, die one-hot 
encoding in einen n-dimensionalen Vektor abbildet.

cat
1
0
0
0
0

sat
0
1
0
0
0

mat
0
0
0
0
1

a
0
0
0
0
1

|V|

Word embedding matrix 
•  IniGalize%all%word%vectors%randomly%to%form%a%word%embedding%

matrix%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%|V|%
%

%L%%=%%%%%%%%% % %%%%%%%%%%%%%%… %%%%%%%%%%n%%
%

% %%%%%%%%%%the%%%cat%%%%%%mat%%…%

•  These%are%the%word%features%we%want%to%learn%
•  Also%called%a%lookJup%table%

•  Conceptually%you%get%a%word’s%vector%by%le^%mulGplying%a%
oneJhot%vector%e%by%L:%%%%%x%=%Le$

[%%%%%%%%%%%%]%

46%



CBOW

where C is the number of words in the context, w
1

, · · · , wC are the words the in the context,
and vw is the input vector of a word w. The loss function is

E = = � log p(wO|wI,1, · · · , wI,C) (19)

= �uj⇤ + log
VX

j0=1

exp(uj0) (20)

= �v0
wO

T · h+ log
VX

j0=1

exp(v0
wj

T · h) (21)

which is the same as (7), the objective of the one-word-context model, except that h is
di↵erent, as defined in (18) instead of (1).

Input layer

Hidden layer Output layer

WV×N

WV×N

WV×N

W'N×V yjhix2k

x1k

xCk

C×V-dim

N-dim
V-dim

Figure 2: Continuous bag-of-word model

The update equation for the hidden!output weights stay the same as that for the
one-word-context model (11). We copy it here:

v0
wj

(new) = v0
wj

(old) � ⌘ · ej · h for j = 1, 2, · · · , V. (22)

Note that we need to apply this to every element of the hidden!output weight matrix for
each training instance.

6

= continuous bag of words

one-hot encodings 
von Wörtern an Position 

-2, -1, +1, +2

“one-hot encoding” 
von Wort an Position 0 

(siehe nächste Folie)

Word-Embedding-Matrix L

ähnlich ist Skip-Gram-Modell: Vorhersage von Kontext aus Wort



Softmax

• Kann NN nicht zwingen, dass in Ausgabeschicht 
genau ein Neuron Wert 1 hat. 

• Stattdessen: konvertiere Ausgabeschicht in eine 
W.verteilung über mögliche Wörter mit der 
Softmax-Funktion: 

• Zielfunktion für Training: log P(yj | x1, …, xC).

P (yj | x1, . . . , xC) =
e

yj

P
i e

yi



Ergebnisse

Table 6: Comparison of models trained using the DistBelief distributed framework. Note that
training of NNLM with 1000-dimensional vectors would take too long to complete.

Model Vector Training Accuracy [%] Training time
Dimensionality words [days x CPU cores]

Semantic Syntactic Total
NNLM 100 6B 34.2 64.5 50.8 14 x 180
CBOW 1000 6B 57.3 68.9 63.7 2 x 140
Skip-gram 1000 6B 66.1 65.1 65.6 2.5 x 125

Table 7: Comparison and combination of models on the Microsoft Sentence Completion Challenge.

Architecture Accuracy [%]
4-gram [32] 39
Average LSA similarity [32] 49
Log-bilinear model [24] 54.8
RNNLMs [19] 55.4
Skip-gram 48.0
Skip-gram + RNNLMs 58.9

estimate since the data center machines are shared with other production tasks, and the usage can
fluctuate quite a bit. Note that due to the overhead of the distributed framework, the CPU usage of
the CBOW model and the Skip-gram model are much closer to each other than their single-machine
implementations. The result are reported in Table 6.

4.5 Microsoft Research Sentence Completion Challenge

The Microsoft Sentence Completion Challenge has been recently introduced as a task for advancing
language modeling and other NLP techniques [32]. This task consists of 1040 sentences, where one
word is missing in each sentence and the goal is to select word that is the most coherent with the
rest of the sentence, given a list of five reasonable choices. Performance of several techniques has
been already reported on this set, including N-gram models, LSA-based model [32], log-bilinear
model [24] and a combination of recurrent neural networks that currently holds the state of the art
performance of 55.4% accuracy on this benchmark [19].

We have explored the performance of Skip-gram architecture on this task. First, we train the 640-
dimensional model on 50M words provided in [32]. Then, we compute score of each sentence in
the test set by using the unknown word at the input, and predict all surrounding words in a sentence.
The final sentence score is then the sum of these individual predictions. Using the sentence scores,
we choose the most likely sentence.

A short summary of some previous results together with the new results is presented in Table 7.
While the Skip-gram model itself does not perform on this task better than LSA similarity, the scores
from this model are complementary to scores obtained with RNNLMs, and a weighted combination
leads to a new state of the art result 58.9% accuracy (59.2% on the development part of the set and
58.7% on the test part of the set).

5 Examples of the Learned Relationships

Table 8 shows words that follow various relationships. We follow the approach described above: the
relationship is defined by subtracting two word vectors, and the result is added to another word. Thus
for example, Paris - France + Italy = Rome. As it can be seen, accuracy is quite good, although
there is clearly a lot of room for further improvements (note that using our accuracy metric that

9

(Mikolov et al. 2013)

Accuracy auf MS Sentence Completion Task



Ergebnisse

Table 8: Examples of the word pair relationships, using the best word vectors from Table 4 (Skip-
gram model trained on 783M words with 300 dimensionality).

Relationship Example 1 Example 2 Example 3
France - Paris Italy: Rome Japan: Tokyo Florida: Tallahassee
big - bigger small: larger cold: colder quick: quicker

Miami - Florida Baltimore: Maryland Dallas: Texas Kona: Hawaii
Einstein - scientist Messi: midfielder Mozart: violinist Picasso: painter
Sarkozy - France Berlusconi: Italy Merkel: Germany Koizumi: Japan

copper - Cu zinc: Zn gold: Au uranium: plutonium
Berlusconi - Silvio Sarkozy: Nicolas Putin: Medvedev Obama: Barack

Microsoft - Windows Google: Android IBM: Linux Apple: iPhone
Microsoft - Ballmer Google: Yahoo IBM: McNealy Apple: Jobs

Japan - sushi Germany: bratwurst France: tapas USA: pizza

assumes exact match, the results in Table 8 would score only about 60%). We believe that word
vectors trained on even larger data sets with larger dimensionality will perform significantly better,
and will enable the development of new innovative applications. Another way to improve accuracy is
to provide more than one example of the relationship. By using ten examples instead of one to form
the relationship vector (we average the individual vectors together), we have observed improvement
of accuracy of our best models by about 10% absolutely on the semantic-syntactic test.

It is also possible to apply the vector operations to solve different tasks. For example, we have
observed good accuracy for selecting out-of-the-list words, by computing average vector for a list of
words, and finding the most distant word vector. This is a popular type of problems in certain human
intelligence tests. Clearly, there is still a lot of discoveries to be made using these techniques.

6 Conclusion

In this paper we studied the quality of vector representations of words derived by various models on
a collection of syntactic and semantic language tasks. We observed that it is possible to train high
quality word vectors using very simple model architectures, compared to the popular neural network
models (both feedforward and recurrent). Because of the much lower computational complexity, it
is possible to compute very accurate high dimensional word vectors from a much larger data set.
Using the DistBelief distributed framework, it should be possible to train the CBOW and Skip-gram
models even on corpora with one trillion words, for basically unlimited size of the vocabulary. That
is several orders of magnitude larger than the best previously published results for similar models.

An interesting task where the word vectors have recently been shown to significantly outperform the
previous state of the art is the SemEval-2012 Task 2 [11]. The publicly available RNN vectors were
used together with other techniques to achieve over 50% increase in Spearman’s rank correlation
over the previous best result [31]. The neural network based word vectors were previously applied
to many other NLP tasks, for example sentiment analysis [12] and paraphrase detection [28]. It can
be expected that these applications can benefit from the model architectures described in this paper.

Our ongoing work shows that the word vectors can be successfully applied to automatic extension
of facts in Knowledge Bases, and also for verification of correctness of existing facts. Results
from machine translation experiments also look very promising. In the future, it would be also
interesting to compare our techniques to Latent Relational Analysis [30] and others. We believe that
our comprehensive test set will help the research community to improve the existing techniques for
estimating the word vectors. We also expect that high quality word vectors will become an important
building block for future NLP applications.

10

(auf Analogie-Task)

(cos-ähnlichster Vektor zu L(Paris) - L(France) + L(Italy) etc.)



NLP “almost from scratch”NATURAL LANGUAGE PROCESSING (ALMOST) FROM SCRATCH

Input Window

Lookup Table

Linear

HardTanh

Linear

Text cat sat on the mat

Feature 1 w1
1 w1

2 . . . w1

N
.
.
.

Feature K wK
1 wK

2 . . . wK
N

LTW 1

.

.

.

LTW K

M1
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Figure 1: Window approach network.

complex features (e.g., extracted from a parse tree) which can impact the computational cost which
might be important for large-scale applications or applications requiring real-time response.

Instead, we advocate a radically different approach: as input we will try to pre-process our
features as little as possible and then use a multilayer neural network (NN) architecture, trained in
an end-to-end fashion. The architecture takes the input sentence and learns several layers of feature
extraction that process the inputs. The features computed by the deep layers of the network are
automatically trained by backpropagation to be relevant to the task. We describe in this section a
general multilayer architecture suitable for all our NLP tasks, which is generalizable to other NLP
tasks as well.

Our architecture is summarized in Figure 1 and Figure 2. The first layer extracts features for
each word. The second layer extracts features from a window of words or from the whole sentence,
treating it as a sequence with local and global structure (i.e., it is not treated like a bag of words).
The following layers are standard NN layers.

3.1 Notations

We consider a neural network fθ(·), with parameters θ. Any feed-forward neural network with L
layers, can be seen as a composition of functions f lθ(·), corresponding to each layer l:

fθ(·) = f Lθ ( f L−1θ (. . . f 1θ (·) . . .)) .
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ErgebnisseNATURAL LANGUAGE PROCESSING (ALMOST) FROM SCRATCH

Approach POS CHUNK NER SRL
(PWA) (F1) (F1) (F1)

Benchmark Systems 97.24 94.29 89.31 77.92
NN+WLL 96.31 89.13 79.53 55.40
NN+SLL 96.37 90.33 81.47 70.99
NN+WLL+LM1 97.05 91.91 85.68 58.18
NN+SLL+LM1 97.10 93.65 87.58 73.84
NN+WLL+LM2 97.14 92.04 86.96 58.34
NN+SLL+LM2 97.20 93.63 88.67 74.15

Table 8: Comparison in generalization performance of benchmark NLP systems with our (NN) ap-
proach on POS, chunking, NER and SRL tasks. We report results with both the word-level
log-likelihood (WLL) and the sentence-level log-likelihood (SLL). We report with (LMn)
performance of the networks trained from the language model embeddings (Table 7). Gen-
eralization performance is reported in per-word accuracy (PWA) for POS and F1 score for
other tasks.

language models from the relatively fast training of the supervised networks. Once the language
models are trained, we can perform multiple experiments on the supervised networks in a rela-
tively short time. Note that our procedure is clearly linked to the (semi-supervised) deep learning
procedures of Hinton et al. (2006), Bengio et al. (2007) and Weston et al. (2008).

Table 8 clearly shows that this simple initialization significantly boosts the generalization per-
formance of the supervised networks for each task. It is worth mentioning the larger language
model led to even better performance. This suggests that we could still take advantage of even
bigger unlabeled data sets.

4.6 Ranking and Language

There is a large agreement in the NLP community that syntax is a necessary prerequisite for se-
mantic role labeling (Gildea and Palmer, 2002). This is why state-of-the-art semantic role labeling
systems thoroughly exploit multiple parse trees. The parsers themselves (Charniak, 2000; Collins,
1999) contain considerable prior information about syntax (one can think of this as a kind of in-
formed pre-processing).

Our system does not use such parse trees because we attempt to learn this information from the
unlabeled data set. It is therefore legitimate to question whether our ranking criterion (17) has the
conceptual capability to capture such a rich hierarchical information. At first glance, the ranking
task appears unrelated to the induction of probabilistic grammars that underly standard parsing
algorithms. The lack of hierarchical representation seems a fatal flaw (Chomsky, 1956).

However, ranking is closely related to an alternative description of the language structure: op-
erator grammars (Harris, 1968). Instead of directly studying the structure of a sentence, Harris
defines an algebraic structure on the space of all sentences. Starting from a couple of elementary
sentence forms, sentences are described by the successive application of sentence transformation
operators. The sentence structure is revealed as a side effect of the successive transformations.
Sentence transformations can also have a semantic interpretation.
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Rekurrente NNs

• Ein rekurrentes NN liest Sequenzen beliebiger 
Länge als Input (z.B. Sätze). 

• In jedem Schritt sieht es auch hidden states des 
vorherigen Schritts als Input.



Rekurrente NNs

• Training von RNNs durch “Backpropagation over 
time” = normale Backprop, bei der das RNN über 
die ganze Eingabesequenz aufgefaltet wird. 

• Wichtigster Typ in CL ist das “Long Short-Term 
Memory Network” (LSTM), in dem verborgene 
Schicht eine festgelegte Form hat.
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LSTMs für MT

(Sutskever et al. 2014)

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

LSTM 1 liest Eingabe Wort für Wort 
 und codiert sie in Zustand s

s

LSTM 2 generiert Ausgabe 
Wort für Wort aus s



Ergebnisse

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 gave her a card in the garden

In the garden , I gave her a card
She was given a card by me in the garden

She gave me a card in the garden
In the garden , she gave me a card

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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size 12.

Method test BLEU score (ntst14)
Baseline System [29] 33.30
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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.
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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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Figure 1: A schematic outline of a run of our LSTM+A model on the sentence “Go.”. See text for details.

To our surprise, the sequence-to-sequence model matched the BerkeleyParser that produced the
annotation, having achieved an F1 score of 90.5 on the test set (section 23 of the WSJ).

We suspected that the attention model of Bahdanau et al. [2] might be more data efficient and we
found that it is indeed the case. We trained a sequence-to-sequence model with attention on the small
human-annotated parsing dataset and were able to achieve an F1 score of 88.3 on section 23 of the
WSJ without the use of an ensemble and 90.5 with an ensemble, which matches the performance of
the BerkeleyParser (90.4) when trained on the same data.

Finally, we constructed a second artificial dataset consisting of only high-confidence parse trees, as
measured by the agreement of two parsers. We trained a sequence-to-sequence model with attention
on this data and achieved an F1 score of 92.5 on section 23 of the WSJ – a new state-of-the-art. This
result did not require an ensemble, and as a result, the parser is also very fast. An ensemble further
improves the score to 92.8.

2 LSTM+A Parsing Model

Let us first recall the sequence-to-sequence LSTM model. The Long Short-Term Memory model of
[5] is defined as follows. Let xt, ht, and mt be the input, control state, and memory state at timestep
t. Given a sequence of inputs (x

1

, . . . , xT ), the LSTM computes the h-sequence (h
1

, . . . , hT ) and
the m-sequence (m

1

, . . . ,mT ) as follows.
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The operator � denotes element-wise multiplication, the matrices W
1

, . . . ,W
8

and the vector h
0

are
the parameters of the model, and all the nonlinearities are computed element-wise.

In a deep LSTM, each subsequent layer uses the h-sequence of the previous layer for its input
sequence x. The deep LSTM defines a distribution over output sequences given an input sequence:

P (B|A) =

TBY
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P (Bt|A1
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The above equation assumes a deep LSTM whose input sequence is x =

(A
1

, . . . , ATA , B1

, . . . , BTB ), so ht denotes t-th element of the h-sequence of topmost LSTM.

2

(Vinyals et al. 2015)



Ergebnisse

Parser Training Set WSJ 22 WSJ 23
baseline LSTM+D WSJ only < 70 < 70

LSTM+A+D WSJ only 88.7 88.3
LSTM+A+D ensemble WSJ only 90.7 90.5

baseline LSTM BerkeleyParser corpus 91.0 90.5
LSTM+A high-confidence corpus 93.3 92.5

LSTM+A ensemble high-confidence corpus 93.5 92.8
Petrov et al. (2006) [12] WSJ only 91.1 90.4
Zhu et al. (2013) [13] WSJ only N/A 90.4

Petrov et al. (2010) ensemble [14] WSJ only 92.5 91.8
Zhu et al. (2013) [13] semi-supervised N/A 91.3

Huang & Harper (2009) [15] semi-supervised N/A 91.3
McClosky et al. (2006) [16] semi-supervised 92.4 92.1

Huang & Harper (2010) ensemble [17] semi-supervised 92.8 92.4

Table 1: F1 scores of various parsers on the development and test set. See text for discussion.

the web and combined these parsed sentences with the ⇠90K golden corpus described above. We
call this the BerkeleyParser corpus.

3.2 Evaluation

We use the standard EVALB tool2 for evaluation and report F1 scores on our developments set
(section 22 of the Penn Treebank) and the final test set (section 23) in Table 1.

First, let us remark that our training setup differs from those reported in previous works. To the best
of our knowledge, no standard parsers have ever been trained on datasets numbering in the hundreds
of millions of tokens, and it would be hard to do due to efficiency problems. We therefore cite the
semi-supervised results, which are analogous in spirit but use less data.

Table 1 shows performance of our models on the top and results from other papers at the bottom. We
compare to variants of the BerkeleyParser that use self-training on unlabeled data [15], or built an
ensemble of multiple parsers [14], or combine both techniques. We also include the best linear-time
parser in the literature, the transition-based parser of [13].

It can be seen that, when training on WSJ only, a baseline LSTM does not achieve any reasonable
score, even with dropout and early stopping. But a single attention model gets to 88.3 and an en-
semble of 5 LSTM+A+D models achieves 90.5 matching a single-model BerkeleyParser on WSJ 23.
When trained on the large high-confidence corpus, a single LSTM+A model achieves 92.5 and so
outperforms not only the best single model, but also the best ensemble result reported previously.
An ensemble of 5 LSTM+A models further improves this score to 92.8.

Generating well-formed trees. The LSTM+A model trained on WSJ dataset only produced mal-
formed trees for 25 of the 1700 sentences in our development set (1.5% of all cases), and the model
trained on full high-confidence dataset did this for 14 sentences (0.8%). In these few cases where
LSTM+A outputs a malformed tree, we simply add brackets to either the beginning or the end of
the tree in order to make it balanced. It is worth noting that all 14 cases where LSTM+A produced
unbalanced trees were sentences or sentence fragments that did not end with proper punctuation.
There were very few such sentences in the training data, so it is not a surprise that our model cannot
deal with them very well.

Score by sentence length. An important concern with the sequence-to-sequence LSTM was that
it may not be able to handle long sentences well. We determine the extent of this problem by
partitioning the development set by length, and evaluating BerkeleyParser, a baseline LSTM model
without attention, and LSTM+A on sentences of each length. The results, presented in Figure 3,
are surprising. The difference between the F1 score on sentences of length upto 30 and that upto
70 is 1.3 for the BerkeleyParser, 1.7 for the baseline LSTM, and 0.7 for LSTM+A. So already the
baseline LSTM has similar performance to the BerkeleyParser, it degrades with length only slightly.

2
http://nlp.cs.nyu.edu/evalb/
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Zusammenfassung

• Neuronale Netze: 
‣ alte Technologie 

‣ in Sprach- und Bilderkennung dramatische Erfolge 

‣ “next big thing” in der Computerlinguistik 

• In der Praxis: 
‣ stabile, schnelle Frameworks wie z.B. Theano sind 

erstaunlich einfach zu verwenden 

‣ Probieren Sie es aus!


