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Word vectors

simple one-hot encoding of words needs 
large vectors (and they do not carry any 
special meaning):
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dimension: number of words in dictionary

word2vec – reduction to vectors in much 
lower dimension, where similar words lie 
closer together:
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“warm”

“warm”
“hot”
“cold”
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The remainder of this paper is organized as fol-
lows. In Section 2, we discuss related work; Section
3 describes the recurrent neural network language
model we used to obtain word vectors; Section 4 dis-
cusses the test sets; Section 5 describes our proposed
vector offset method; Section 6 summarizes our ex-
periments, and we conclude in Section 7.

2 Related Work

Distributed word representations have a long his-
tory, with early proposals including (Hinton, 1986;
Pollack, 1990; Elman, 1991; Deerwester et al.,
1990). More recently, neural network language
models have been proposed for the classical lan-
guage modeling task of predicting a probability dis-
tribution over the “next” word, given some preced-
ing words. These models were first studied in the
context of feed-forward networks (Bengio et al.,
2003; Bengio et al., 2006), and later in the con-
text of recurrent neural network models (Mikolov et
al., 2010; Mikolov et al., 2011b). This early work
demonstrated outstanding performance in terms of
word-prediction, but also the need for more compu-
tationally efficient models. This has been addressed
by subsequent work using hierarchical prediction
(Morin and Bengio, 2005; Mnih and Hinton, 2009;
Le et al., 2011; Mikolov et al., 2011b; Mikolov et
al., 2011a). Also of note, the use of distributed
topic representations has been studied in (Hinton
and Salakhutdinov, 2006; Hinton and Salakhutdi-
nov, 2010), and (Bordes et al., 2012) presents a se-
mantically driven method for obtaining word repre-
sentations.

3 Recurrent Neural Network Model

The word representations we study are learned by a
recurrent neural network language model (Mikolov
et al., 2010), as illustrated in Figure 1. This architec-
ture consists of an input layer, a hidden layer with re-
current connections, plus the corresponding weight
matrices. The input vector w(t) represents input
word at time t encoded using 1-of-N coding, and the
output layer y(t) produces a probability distribution
over words. The hidden layer s(t) maintains a rep-
resentation of the sentence history. The input vector
w(t) and the output vector y(t) have dimensional-
ity of the vocabulary. The values in the hidden and

Figure 1: Recurrent Neural Network Language Model.

output layers are computed as follows:

s(t) = f (Uw(t) + Ws(t�1)) (1)

y(t) = g (Vs(t)) , (2)

where

f(z) =
1

1 + e�z
, g(zm) =

ezm

�
k ezk

. (3)

In this framework, the word representations are
found in the columns of U, with each column rep-
resenting a word. The RNN is trained with back-
propagation to maximize the data log-likelihood un-
der the model. The model itself has no knowledge
of syntax or morphology or semantics. Remark-
ably, training such a purely lexical model to max-
imize likelihood will induce word representations
with striking syntactic and semantic properties.

4 Measuring Linguistic Regularity

4.1 A Syntactic Test Set
To understand better the syntactic regularities which
are inherent in the learned representation, we created
a test set of analogy questions of the form “a is to b
as c is to ” testing base/comparative/superlative
forms of adjectives; singular/plural forms of com-
mon nouns; possessive/non-possessive forms of
common nouns; and base, past and 3rd person
present tense forms of verbs. More precisely, we
tagged 267M words of newspaper text with Penn

747

w(t) s(t) y(t)

Word vectors: recurrent net for training

Mikolov, Yih, Zweig 2013

input word at time t
(one-hot; dimension D=

size of dictionary)

predicted next word
(probabilities for each word in vocab.;

dimension D)

U matrix (NxD) contains word vectors!

SOFTMAXsigmoid

NxD NxN

dim. N

DxN



Word vectors: how to train them

Noise-contrastive estimation: provide 
a few noisy (wrong) examples, and 
train the model to predict that they 
are fake (but that the true one is 
correct)!

Predicting the probability of any word in 
the dictionary, given the context words 
(most recent word): very expensive!

Alternative:



Word vectors: how to train them

Context words word

context wordsword

“continuous bag of words”

“skip-gram”

Two approaches:

the quick brown fox jumped over the lazy dog
Example dataset:

word context words (here: just surrounding words)
quick the, brown
over jumped, the
lazy the, dog
... ...



At each time-step: go down the 
gradient of

C(t) = lnP✓(wt, h) +
X

w̃

ln(1� P✓(w̃, h))

noisy examples

prob. that w is the correct word, 
given the context word h

Model tries to predict:
P✓(w, h)

parameters of the model, i.e. weights, biases, 
and entries of embedding vectors

Word vectors: how to train them

P✓(w, h) = �(Wjkek(h) + bj)
j: index for word w in dictionary
k: index in embedding vector [Einstein sum]
e(h): embedding vector for word h
W,b: weights, biases



Word vectors encode meaning

Mikolov, Yih, Zweig 2013

car-cars ~ tree-trees
(subtracting the word vectors on each 
side yields approx. identical vectors) 

“car”

“cars”
“tree”

“trees”



Word vectors encode meaning

Mikolov, Yih, Zweig 2013

“man”

“woman”

“uncle”

“aunt”

“king”

“queen”
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Figure 2: Two-dimensional PCA projection of the 1000-dimensional Skip-gram vectors of countries and their
capital cities. The figure illustrates ability of the model to automatically organize concepts and learn implicitly
the relationships between them, as during the training we did not provide any supervised information about
what a capital city means.

which is used to replace every logP (wO|wI) term in the Skip-gram objective. Thus the task is to
distinguish the target word wO from draws from the noise distribution Pn(w) using logistic regres-
sion, where there are k negative samples for each data sample. Our experiments indicate that values
of k in the range 5–20 are useful for small training datasets, while for large datasets the k can be as
small as 2–5. The main difference between the Negative sampling and NCE is that NCE needs both
samples and the numerical probabilities of the noise distribution, while Negative sampling uses only
samples. And while NCE approximately maximizes the log probability of the softmax, this property
is not important for our application.

Both NCE and NEG have the noise distributionPn(w) as a free parameter. We investigated a number
of choices for Pn(w) and found that the unigram distribution U(w) raised to the 3/4rd power (i.e.,
U(w)3/4/Z) outperformed significantly the unigram and the uniform distributions, for both NCE
and NEG on every task we tried including language modeling (not reported here).

2.3 Subsampling of Frequent Words

In very large corpora, the most frequent words can easily occur hundreds of millions of times (e.g.,
“in”, “the”, and “a”). Such words usually provide less information value than the rare words. For
example, while the Skip-gram model benefits from observing the co-occurrences of “France” and
“Paris”, it benefits much less from observing the frequent co-occurrences of “France” and “the”, as
nearly every word co-occurs frequently within a sentence with “the”. This idea can also be applied
in the opposite direction; the vector representations of frequent words do not change significantly
after training on several million examples.

To counter the imbalance between the rare and frequent words, we used a simple subsampling ap-
proach: each word wi in the training set is discarded with probability computed by the formula

P (wi) = 1−

!

t

f(wi)
(5)

4

Word vectors encode meaning

Mikolov et al. 2013 ”Distributed Representations of Words and Phrases and their Compositionality”



Word vectors in keras

=

embedding_layer = Embedding(len(word_index) + 1,
        EMBEDDING_DIM,
        input_length=MAX_SEQUENCE_LENGTH)

Layer for mapping word indices (integer numbers representing 
position in a dictionary) to word vectors (of length 
EMBEDDING_DIM), for input sequences of some given length

Helper routines for converting actual text into a sequence of 
word indices. See especially:

Tokenizer
pad_sequences
(and others)

Text Preprocessing
Sequence Preprocessing

Keras documentationfunction/class

Search for “GloVe word embeddings”: 800 MB database 
pre-trained on a 2014 dump of the English Wikipedia, 
encoding 400k words in 100-dimensional vectors



Reinforcement Learning
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Reinforcement learning

Self-driving cars, robotics:
Observe immediate environment & move
Games: 
Observe board & place stone
Observe video screen & move player

Challenge: the “correct” action is not known!
Therefore: no supervised learning!

Reward will be rare (or decided only at end)

“agent” “environment”

observation

action

fully observed vs.
partially observed 
“state” of the 
environment



Reinforcement learning

Challenge: We could use the final reward to define a cost 
function, but we cannot know how the environment 
reacts to a proposed change of the actions that were 
taken! 

Training a network to produce actions based on rare 
rewards (instead of being told the ‘correct’ action!)

Use reinforcement learning:

(unless we have a model of the environment)



“State”=full map
“Action”=move
Reward e.g. based on 
how many 
“treasures” were 
collected

player

“treasure”



Policy Gradient
=REINFORCE (Williams 1992): The simplest model-free 
general reinforcement learning technique

Basic idea: Use probabilistic action choice. If the 
reward at the end turns out to be high, make 
all the actions in this sequence more likely 
(otherwise do the opposite)
This will also sometimes reinforce ‘bad’ 
actions, but since they occur more likely in 
trajectories with low reward, the net effect will 
still be to suppress them!

player

“treasure”



Policy Gradient

Probability to take action a, given the current state s 
⇡✓(a|s)

Probabilistic policy:

parameters of the network

Environment: makes (possibly stochastic) transition to a new state 
s’, and possibly gives a reward r

P (s0|s, a)Transition function

down
up
left
right

0.1
0.6
0.2
0.1

as π
π



Policy Gradient

Probability for having a certain trajectory of actions 
and states: product over time steps

Expected overall reward: sum over all trajectories
reward for this sequence (sum over 
individual rewards r for all times)R̄ = E[R] =

@R̄

@✓
=?

Try to maximize expected reward by changing 
parameters of policy:

a = a0, a1, a2, . . .
s = s1, s2, . . . (state 0 is fixed)

trajectory:

sum over all actions at all times 
and over all states at all times >0

⌧ = (a, s)

X

⌧

P✓(⌧)R(⌧)

X

⌧

. . . =
X

a0,a1,a2,...,s1,s2,...

. . .

P✓(⌧) = ⇧tP (st+1|st, at)⇡✓(at|st)



Policy Gradient

@ ln⇡✓(at|st)
@✓

@R̄

@✓
=

X

t

E[R
@ ln⇡✓(at|st)

@✓
]

�✓ = ⌘
@R̄

@✓

Main formula of policy gradient method:

E[. . .]

Stochastic gradient descent:

where is approximated via the
value for one trajectory (or a batch)

@R̄

@✓
=

X

t

X

⌧

R(⌧)
@⇡✓(at|st)

@✓

1

⇡✓(at|st)
⇧t0P (st0+1|st0 , at0)⇡✓(at0 |st0)



Policy Gradient

Increase the probability of all action choices in the
given sequence, depending on size of reward R.
Even if R>0 always, due to normalization of probabilities 
this will tend to suppress the action choices in 
sequences with lower-than-average rewards.

@R̄

@✓
=

X

t

E[R
@ ln⇡✓(at|st)

@✓
]

@R̄

@✓k
= E[RGk]

Gk =
@ lnP✓(⌧)

@✓k
=

X

t

@ ln⇡✓(at|st)
@✓k

Abbreviation:



Policy Gradient: reward baseline

Challenge: fluctuations of estimate for reward gradient 
can be huge. Things improve if one subtracts a constant 
baseline from the reward.

@R̄

@✓
=

X

t

E[(R� b)
@ ln⇡✓(at|st)

@✓
]

This is the same as before. Proof:

However, the variance of the fluctuating random 
variable (R-b)G is different, and can be smaller 
(depending on the value of b)!

= E[(R� b)G]

E[Gk] =
X

⌧

P✓(⌧)
@ lnP✓(⌧)

@✓k
=

@

@✓k

X

⌧

P✓(⌧) = 0

E[Gk] =
X

⌧

P✓(⌧)
@ lnP✓(⌧)

@✓k
=

@

@✓k

X

⌧

P✓(⌧) = 0



Gk =
@ lnP✓(⌧)

@✓k

�✓k = �⌘E[Gk(R� bk)]

bk =
E[G2

kR]

E[G2
k]

Xk = (R� bk)Gk

Var[Xk] = E[X2
k ]� E[Xk]

2 = min

@Var[Xk]

@bk
= 0

Optimal baseline


