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What is representation learning?

o Feature learning or representation learning is a set of
techniques that learn a feature: a transformation from raw
input (data) into a representation that can be effectively
exploited in machine learning tasks

o This excludes manual feature engineering—feature learning is
very different from feature engineering

o This needs a machine to learn the features themselves, or
learn the ML task and features simultaneously
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What makes a representation good?

Multiple explanatory factors — Distributed Representation
A hierarchical organization of explanatory factors — Deep
Architecture

Shared factors across tasks — Multi-task and Multi-modal
Learning

Disentangling the underlying factors of variation —
Semi-supervised Learning
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Distributed Representation

o Good representations are expressive, meaning that a
reasonably-sized learned representation can capture a huge
number of possible input configurations.

o Distributed representation: Each element of the
representation can be set separately from each other:

o one concept is represented by more than one neuron activation.

o one neuron represents more than one concept.
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Distributed Representation vs One-hot Representation
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Figure 1: One-hot representation

o If we wanted to
represent a new shape
with a sparse
representation, we
would have to
increase the
dimensionality.
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Distributed Representation vs One-hot Representation

no pattern

o In distributed representation,
we may be able to represent
a new shape with the
existing dimensionality.

—
e O ~ Vertical + Horizontal + Ellipse = @ @ O @

Figure 2: Distributed
representation



Distributed Representation vs One-hot Representation

o o ©)

h=11,0,00

h=11,1,0 h=[1,01]

h=[1,1,1]"

h

h=1[0,1,0]" h=10,1,1]" h=10,0,1]"
(a) Distributed representation (b) One-hot representation

o The distributed representation with n binary features assigns
unique codes to O(n?) different regions in R¥.

o The one-hot representation with n examples assigns unique
codes to only O(n) regions.
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Deep Architecture

Advantages of deep architectures:

o Deep architectures are more expressive.

o Deep architectures can lead to abstract representations.
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Expressiveness of Deep Networks

o Expressiveness of deep networks with piecewise linear
activation functions: exponential advantage for depth.
(Montufar et al, NIPS 2014)
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Expressiveness of Deep Networks

o Expressiveness of deep networks with piecewise linear
activation functions: exponential advantage for depth.
(Montufar et al, NIPS 2014)

o Number of pieces (regions) distinguished by a network with
depth L and n; units per layer is at least

[z = ) o

i=1
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Expressiveness of Deep Networks

o Expressiveness of deep networks with piecewise linear
activation functions: exponential advantage for depth.
(Montufar et al, NIPS 2014)

o Number of pieces (regions) distinguished by a network with
depth L and n; units per layer is at least

L-1 n: no no nL
ni ! 1
(=)= 0 ®
o or, if hidden layers have width n and input has size ng:

Q((n/mo) " n) 2)
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Abstraction of Deep Networks

o Feature representations in different CNN layers’:

Low-level
features

Mid-level
features

|| High-level

features

—

Linearly
separable
classifier

f—

VGG-16 Convi_1

GG-1 Conv3_:

!Example from Fei-fei's slides
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How do humans generalize from very few examples?

They transfer knowledge from previous learning:
o Representations
o Explanatory factors

Previous learning from unlabeled data + labels for other tasks.
Prior: shared underlying explanatory factors, in particular between
P(x) and P(y|x)
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Multi-Task Learning

Example: speech recognition, sharing across multiple languages

(TaskA ) (TaskB) ((TaskC)

*

C )

Good representations that disentangle underlying factors of
variation make sense for many tasks because each task concerns a
subset of the factors
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Google Image Search: Joint Embedding

ooooooo

100-dim
embedding space

Learn ®(:) and d,(-) to optimize precision@k.

Figure 3: Wsabie: Scaling Up To Large Vocabulary Image Annotation,
[JCAI'2011
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Multi-Task / Multimodal Learning with Different Inputs for
Different Tasks

Multimodal DBM

Image-speciﬁc DBM Text-spe(:iﬁc DBM Joint Representation :

2) 3 F Yp (20
t

2)
wm

mm
hm

i
Image W "y

W OO0

Figure 4: Multimodal Learning, NIPS'2012
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Maps Between Representations

o Labeled pairs (x, y) allow us
to learn mapping between f,
and f,.

o Zero-shot Learning:
associate an image Xiest t0 a
word Viest, even if no image
of that word was ever
presented.

== == = (z,y) pairs in the training set

———» f,: encoder function for ©
= o <> f,: encoder function for y
e » Relationship between embedded points within one of the domains

<= Maps between representation spaces



Overview

(D Representation Learning

o Semi-supervised Learning

(@ Representation Learning in NLP
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Semi-supervised Learning

o An ideal representation is one in which the features within the

representation correspond to the underlying causes of the
observed data.

o For a good representation of p(x), such a representation for

computing p(y|x) if y is among the most salient causes of x
(semi-supervised learning).
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When semi-supervised learning can fail or succeed?

Failure case:

o p(x) is uniformly distributed, we want to learn f(x) = E(y|x).

o Observing a training set of x values alone gives us no
information about p(y|x).

Success case:

o x arises from a mixture of several components, with one
mixture componennt per value of y.

o Modeling p(x) reveals precisely where each component is, a
single labeled example of each class will then be enough to
perfectly learn p(y).
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Why semi-supervised learning works? Because of causality

©

Think about a generative process P(x|h), where h are all the
causal factors.

o If y = h; is one of the causal factors of x.

©

The best possible model of x must involve y as a latent factor.

©

Representation learning seeks the latent variable h that
explain the variation of x, making it likely to also uncover y.

Let's have an example!
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Why semi-supervised learning works? Because of causality

o Just observing the x-density reveals the causes y (cluster ID).

o After learning P(x) as a mixture, a single labeled example per
class suffices to learn P(y|x).

Mixture model

y=2

p(z)
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Fact: Most Observations are Formed by a Large Number
of Underlying Causes

Brute Force Strategy: Try to learn a representation that captures
all the reasonably salient generative factors h; € h.

o Not feasible because it is not possible to capture all or most
of the factors.

o Example: smallest objects in visual scene.
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Fact: Most Observations are Formed by a Large Number
of Underlying Causes

Brute Force Strategy: Try to learn a representation that captures
all the reasonably salient generative factors h; € h.

o Not feasible because it is not possible to capture all or most
of the factors.

o Example: smallest objects in visual scene.
Other strategies:

o Use a supervised learning signal at the same time. so that the
model will capture the most relevant factors.

o Use much larger representations.

o Modify the definition of which underlying causes are most
salient.
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Revisit the Definition of Which Underlying Causes are

Most Salient

Mean squared error applied to the pixels of an image implicitly
specifies that an underlying cause is only salient if it significantly
changes the brightness of a large number of pixels.

Input

Reconstruction

Figure 5: An autoencoder trained with mean squared error for a robotics
task has failed to reconstruct a ping pong ball.
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Other Definition of Salience — Generative Adversarial
Networks

o A generative model is trained to fool a feedforward classifier.

o The feedforward classifier attempts to recognize all samples
from the generative model as being fake, and all samples from
the training set as being real.

o Be described in more detail later.
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Summary

()

Computational Scaling

©

Optimization and Underfitting

o Approximate Inference and Sampling

©

Disentangling Factors of Variation

o Reasoning and One-Shot Learning of Facts

Further Reading: Representation Learning: A Review and New
Perspectives. Bengio et al.
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Typical Approaches for Word Representation

o 1-hot Representation
o Foundation of Bag-of-Words Model

star [0,0,0,0,0,0,0,0,1,0,0,0,0, -]
sun [0,0,0,0,0,0,0,1,0,0,0,0,0, -]

sim(star, sun) = 0 @
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Typical Approaches for Word Representation

o Count-based distributional representation

he curtains open and the stars shining in on the barely
ars and the cold , close stars " . And neither of the w
rough the night with the stars shining so brightly , it
made in the light of the stars . It all boils down , wr
surely under the bright stars , thrilled by ice-white
sun , the seasons of the stars 7 Home , alone , Jay pla
m is dazzling snow , the stars have risen full and cold

e cucumber
shining bright trees dark look
stars 38 45 2 27 12
e stars
® sun
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Distributed Word Representation

o Each word are represented as dense, real-valued, and
low-dimensional vector

Manifold of known classes ﬂ_

New testimage
from unknown
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Neural Language Model

i-th output = P(w; = i| context)

softmax
[@X X [ [ X X D]
’ 7
4 ’ . \
’ ’ most| computation here \
’ ’ \
/ 1 v
! 1 \
! 1 1
] | 1
B . tanh b
1 , Ceeoe se)
! 1
! ’
1 ’
1 ’
\ J
C(Wrns s~ [Cwa)  Clwa)\ -7
(oo o) (oo o) (oo o)
Table ., Matrix C
!"Oé’“" shared parameters
mn across words

index for W;_p41

index for wy_»

index for w;,_;

Yoshua Bengio, Réjean Ducharme, Pascal Vincent, and Christian Janvin. 2003. A
neural probabilistic language model. J. Mach. Learn. Res. 3 (March 2003),

1137-1155.
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Objective of Neural Language Model

The training set is a sequence wy, ..., wt of words w; € V/, and the
objective is to learn a good model

L(wey ooy We—py1) = P(thwlt_l)

where w! = (wj, Wit1, -, wj—1, w)).

In general, there are two mappings:
o A mapping C from any element i of V to a real vector
C(i)e R™.
o A distributed feature vector.
o Cis a matrix |V| x m.
o A mapping function g maps an input vectors,
(C(Wi—nt1), -+, C(wt—1)), to a conditional probability
distribution over words in V for the next word w;.
o The output of g is a vector whose i-th element estimates the
probability P(w, = ilw}™1).
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Solving Neural Language Model

The overall parameter set is § = (C,w), training is achieved by
looking for # that maximizes the training corpus penalized
log-likelihood:

o L= % Zt |Og f(Wt, We_1,"", Wt7n+1;9) + R(H)

o Forward propagation
o Input: x = (C(Wi—pt1), -+, C(wi1))
o Output: y = b+ Wx + Utanh(d + Hx)
o Apply softmax on output layer:

P(Wt‘Wt—lv"' aWt—n+1) = %

o The parameter is § = (b,d, W, U, H, C)
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Complexity of Neural Language Model

onxmxh+hx|V|[+nxmx|V]|
o The dominating term is the last two terms
o nis context size, m is word vector size, h is hidden layer size,
|V is the vocabulary size.
o Several methods, such as binary tree and Huffman binary tree
has been proposed for reducing | V| to log|V|—e.g.,
Hierarchical softmax (we will talk later).
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Outline

(D Representation Learning

(@ Representation Learning in NLP

o Word2Vec
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Word2Vec

Motivation
o For NNLM, most of the complexity is caused by the non-linear
hidden layer in the model.

o While this is what makes neural networks so attractive

o It is necessary to explore simpler models that might not be
able to represent the data as precisely as neural networks, but
can possibly be trained on much more data efficiently.

o It was found that neural network language model can be
successfully trained in two steps
o Continuous word vectors are learned using simple model
o The N-gram NNLM is trained on top of these distributed
representations of words.
o Word2Vec Model focuses on learn the word representations
efficiently.
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Word2Vec

There are two models? 3 4

o Continuous Bag-of-Words Model
o Continuous Skip-gram Model

For each model, there are two learning methods:
o Hierarchical Softmax

o Negative Sampling

2Tomas Mikolov, Kai Chen, Greg Corrado, and Jeff Dean, Efficient Estimation of
Word Representations in Vector Space. In Proceedings of CoRR. 2013.

3Frederic Morin and Yoshua Bengio. Hierarchical probabilistic neural network
language model. In AISTATS 2005.

*Tomas Mikolov, llya Sutskever, Kai Chen, Greg S Corrado, Jeff Dean. Distributed

Representations of Words and Phrases and their Compositionality. In proceedings of
NIPS. 2013.
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Continuous Bag-of-Words Model

The non-linear hidden layer
is removed.

All the words get projected
into the same position (their
vectors are averaged).

The model is called bag-of
words model as the order of
words in the history does
not influence the projection.

The words in the future are
also considered.

The complexity is
nxm+ m x log,|V]|

w(t-2)

w(t-1)

w(t+1)

w(t+2)

INPUT

PROJECTION OUTPUT

SUM

_>D wi(t)
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Hierarchical Softmax for CBOW

o The goal is maximize HLI p(w;|C;) (C; is the projection of
the contextual word vectors of word w;), however
o If use energy function and softmax function,

) — exp(w;-G;)
p(WI‘CI) - Z\Vi\l EXP(WV-C;).
o It need to scan all the words in the vocabulary to get the

probability.
o An efficient way is to
o Build a binary tree for all words in the vocabulary, with words
as leaves, the left child being encoded as 1 and the right child
being encoded as 0;
o Each word can be assigned a unique code from the root to the
leaf.
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Hierarchical Softmax for CBOW

000 (001 (L) (©OLD) (100 (101 (1L  (LLY

Then

K

p(wi|G) = HP (dklax, Ci H ( (g« - C)l dk( o(qx - Ci))dk>

k=1

where o is the sigmoid function,qy is the vector of non-leaf
node on the path from root to word leaf, dy is the
corresponding code of g.
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Hierarchical Softmax for CBOW

o The negative log-likelihood of one word given its context is

L= Z ((1 = dk)logo(qk - Ci) + di log(1l — o(qk - Ci)))

k=1

o Then each non-leaf node vector can be updated by
(n+1) _ () OLj

9y Ay naqk

oL;
f = —(1-di— (g C)) x G
e =~ de—ola- C)) x

o For an input word, its weights can be updated using context
gradient:

(nm+1) _ (m 0L
R N Te
K
oL;
9c = —Z(l —di —o(qk - Gi)) % qk
! k=1
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Negative Sampling for CBOW

o Another efficient way to calculate p(w;|C;) is to sample a few
words in the vocabulary instead of scanning all the words in
the vocabulary.

oL;  Olog p(W,|C) 0 log softmax,, (a)

Y. a9
_ 0 e S
T 00 8T, e

8aw 8(1\,.,
i Zp k|C k

o For a context C; of word w;, the objective is to maximize the
likelihood of p(w;|C;) (positive instance), while minimize the
likelihood of p(wy|C;) for other sampled word wy (negative
instance).

o The intuition is to distinguish the input word w; from the
draws from the noise distribution py(w), which can be
represented by word frequent distribution.
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Negative Sampling for CBOW

o Assume the label of a positive instance as 1, and the label of a
negative instance as 0, then the negative log-likelihood of each
instance is represented uniformly as:

L, = —label x logo(w - ;) — (1 — label) x log(1 — o(w - C;))

a@% = —(/abe/ — O'(W- C,)) X C,'
(ZLCZV = —(label —o(w- G)) x w

o Then the input word vector can be updated by using the
gradient of context vector:
w(mY = W(") - (dLW’ +30K 8ka) ( 1 positive and K

1

negative gradlents)
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Skip-gram Model

o The second model predicts
the context based on the
current word.

o Maximize classification of a
word based on another word
in the same sentence, more
precisely,

o Use each current word as
an input to a log-linear
classifier with continuous
projection layer

o Predict words within a
certain range before and
after the current word

o The complexity is also
nxm+ m x log,|V]|

INPUT PROJECTION  OUTPUT

w(t-2)

w(t-1)

w(t)

w(t+1)

w(t+2)
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Hierarchical Softmax for Skip-gram
o The log-likelihood of generating context word w, given input

word w; is defined as:

Z (1= di)o(qe - wi) + di(1 — o(qx - wi)))
k=1

o Then each non-leaf node vector can be updated by

(nt1) _ (m_ OLlio
ay ax n 9k

8Lio
= —(1—dy — - Wi X W;
9 (1 —dk —a(ar - wi)) x w,

o Then the input word vector can be updated by :
(nt1) _ () OLi
Wi G ow;
oL; a
dw; Zlf dk — o(qk - w;)) X qk
=1
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Negative Sampling for Skip-gram

o The loglikelihood of generating context word w, given input
word w; is defined as:

Lic = logo(w; - wo) + Z Ev, py(w)log(l — o(wk - w;))

o Assume the label of a positive instance as 1, and the label of
a negative instance as 0, then the negative log-likelihood of
each instance is represented uniformly as:

L, = —label x logo(w - w;) — (1 — label) x log(1l — o(w - w;))

aaﬂ = —(label — a(w - w;)) x w;

w

gLW = —(label — a(w - w;)) x w
Wi

o Then the input word vector can be updated using the gradient
dLW ALy
of context vector: W,.(”H) = (" — (G - T Zk 1 9w, )

1
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SGNS as Implicit Matrix Factorization

o Skip-gram with negative sampling (SGNS) embeds both words
and their contexts into a low-dimensional space RY, resulting
in the word and context matrices W and C.

o The rows of matrix W are typically used in NLP tasks (such
as computing word similarities) while C is ignored. It is
nonetheless instructive to consider the product W x CT = M.

o Viewed this way, SGNS can be described as factorizing an
implicit matrix M of dimensions |V\y| x |V(¢]| into two smaller
matrices.
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SGNS as Implicit Matrix Factorization (cont.)

The global objective sums over the observed (w, ¢) pairs in the

corpus:
! = Z Z Sé'é(W7 C) (IOgO’(W . E) + k- ECNNPD [lOgO’(—W . EN)])
WEVW CGVC

We begin by rewriting the global objective:

= > D #w,)loga(w-3)+ > > #(w,c)(k-Ecyap, llogo (=% - En)])

weVy ceVe weVy ceVe
=D > #w.)loga(w-2)+ > #(w) (k- Ecynpy llogo (—w - 2v)])
weVyy ceVe weVy

and explicitly expressing the expectation term:

Eeypp [log o (— - &) = Yopeve T log o (— - &)
= Tt log o (- ) + Lepeverpe) 5 logo (- aw)
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SGNS as Implicit Matrix Factorization (cont.)

Combining the equations reveals the local objective for a specific
(w, c) pair:

#(¢)
D]

logo(—w - €)

Uw,c)=F#(w,c)logo(W <)+ k- #(w) -

To optimize the objective, we define x = w - (c) and find its partial
derivative with respect to x:

ol #(c)

5 = #wnc) - o(ox) — k- #(w)- T o)

We compare the derivative to zero, and arrive at:

er (

k#()
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SGNS as Implicit Matrix Factorization (cont.)

If we define y = e*, this equation becomes a quadratic equation of
y, which has two solutions, y = —1 (which is invalid), and

#(w, c) _ #(w,c)-[D] 1

Tk w)-F9D T Hw #(0) K

DI

y

Substituting y with X and x with w - € reveals:
o #(w,c) - [D| 1> (#(W,C) : |D|>
¢ =1 — . =) = ——— ) —logk
e <#(w) Q) k) T B Hw)#(0))

Interestingly, the expression log (%) is the well-known

pointwise mutual information (PMI) of (w, ¢). Finally, the matrix
M that SGNS is factorizing is

MI_JS_GNS: W; - C; = w; - & = PMI (w;, ¢j) — log k

56
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Word Relatedness

thailand
cambodia
singapore
republic
mongolia
chinese

.768188
.652825
.614888
.614887
.613579
.605946
.592367
.577905
.575681
.569950
.567597
.554642
.551576




Semantic Space Encode Implicit Relationships between
Words

2 T
China
Beijing
15 Russia:
Japan-
"Moscow
r "Tokyo
Turkey- "Ankara Y
05
Poland:
0 Germany-
France ‘Warsaw
. ~Berlin
-05 Italy- Paris
» »Athens
Greece
-1 | Spain Rome
- ‘Madrid
-1.5 [ Portugal Lisbon
2 . L L L .
-2 -1.5 -1 -0.5 0 0.5 1 15 2

W (" China") — W(" Beijing") ~ W(" Japan") — W(" Tokyo™")
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Applications: Semantic Hierarchy Extraction®

au.*’r;ﬁ?f dog
- 2% i
shicken - cock rabbl ol abbit
donkly g ass EARIE
sheep - ram
. AF-RIAF dnlpnini!}ﬁkeefgdolpmn
shrimp - prawn
"5%5'%‘!; e an
fish - tropical fish

Shetp-smallglEnsheed | qquisogbra

SFu, Ruiji, et al. Learning semantic hierarchies via word embeddings. ACL 2014.

i m_gw,?‘fﬁ;ﬁgmk
S o e o s
staff - civil servant
TAKE
laborer - carpenter T AT
laborer~temporery SioTiar 122"
AT ¥ &
R SRR
adtor sk I

actor - matador.
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Applications: Cross-lingual Joint Representation

T3 "Tdevelop | build ) Umoving)
"EI% Y 3~
(share h
&

Zou, Will Y., et al. Bilingual word embeddings for phrase-based machine translation.
EMNLP 2013.
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Applications: Visual-Text Joint Representation

+ cat
automobile
truck

frog

ship
airplane
horse

bird

dog

deer

v 4 b o

Richard Socher, et al. Zero-Shot Learning Through Cross-Modal Transfer. ICLR 2013
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Outline

(D Representation Learning

(@ Representation Learning in NLP

o Doc2Vec
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Word2Vec for Documents

The objective is to calculate both the word vector and document

vector®.

Clssifier
e / N

] E) &)

Paragraph the ca:
id

Average/Concatenate

Paragraph Matrix----->

The document vector is shared
across all contexts generated
from the same document but not
across documents.

Classifier

Paragraph Matrix --------- >

Paragraph
id

Sample a context word from
both the input word vector
and the document vector.

V.

5Quoc V. Le, Tomas Mikolov. Distributed Representations of Sentences and

Documents. In Proceedings of ICML. 2014.
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©

©

()

Document Representation Models

Replicated Softmax: an Undirected Topic Model (NIPS 2010)
A Deep Architecture for Matching Short Texts (NIPS 2013)

Modeling Documents with a Deep Boltzmann Machine (UAI
2013)

A Convolutional Neural Network for Modeling Sentences (ACL
2014)

Convolutional Neural Network Architectures for Matching
Natural Language Sentences (NIPS 2014)
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Outline

(D Representation Learning

(@ Representation Learning in NLP

o KnowledgeBase2Vec
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Knowledge Bases and Knowledge Graphs

Knowledge is structured as a
graph
o Each node = an entity
o Each edge = a relation

o A relation = (head, relation,
tail), where

o head = subject entity

o relation = relation type

o tail = object entity
Typical knowledge bases include
WordNet, Freebase, and so on.
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Research Issues

KG is far from complete, we need relation extraction
Relation extraction from text: information extraction

Relation extraction from KG: knowledge graph completion
Issues: KGs are hard to manipulate
o High dimensions: 10° ~ 102 entities, 107 ~ 10° relation types
o Sparse: few valid links
o Noisy and incomplete

© 06 0 o

o How to encode KGs into low-dimensional vector spaces

historian male

gender
proless\on\ A"d”

Fr(anc(esc(o  ——— Francesco
Guicciardini

place of birth Patrizi
/ nationality /
nnnnnnn lity

Florence

Italy

\ccm}\ Matteo /nmen:h!y

Rosselli

o How can we infer that Francesco Guicciardini is an Italian
male 7
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Overview of Neural Tensor Networks

General Idea of NTN?

o Each relation is described by
a neural network and pairs
of entities are given as input
to the model.

o The model returns a high
score if they are in that
relationship and a low one
otherwise. This allows any
fact, whether implicitly or
explicitly mentioned in the
database to be answered
with a certainty score.

“Richard Socher, Dangi Chen, Christoph

Neural Tensor Networks for Knowledge Base

Confidence for Triplet
F 3
Neural
Tensor
R Network

;ﬁ@ )
| o

( Bengal tiger; has part, tail)
Does a Bengal tiger have a tail?

er Manning, Andrew Ng. Reasoning With

Completion. In NIPS 2013.
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Neural Tensor Networks

o The Neural Tensor Network (NTN) replaces a standard linear
neural network layer with a bilinear tensor layer that directly
relates the two entity vectors across multiple dimensions. The
model computes a score of how likely it is that two entities are
in a certain relationship by the following NTN-based function.

gle, R &) = ugf(elT W,[?lik]ez + Vi[ere2] + br)

o f = tanh is a standard nonlinearity applied element-wise.
W,[;:k] € RI%dxk is 3 tensor and the bilinear tensor product
el WiHe, results in a vector h € R with each entry
computed by one slice the tensor. The other parameters for

relation R are the standard form of a neural network:
Vg € RF¥2d and U € R¥, bg € RX.
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NTN: Training Objective

o Training objective: Tc(i) = (ep, R(), e.) is a triplet with a
random entity corrupted from a correct triplet
T — (e{'), R(), &),

J(2) =33 max (o 1-g(TD) 4 g(T ))+/\||Q||2

i=1 c=1
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Example of Neural Tensor Networks: k = 2

Fig. 2 shows a visualization of this model. The main
advantage is that it can relate the two inputs mul-
tiplicatively instead of only implicitly through the
nonlinearity as with standard neural networks where
the entity vectors are simply concatenated. Intu-
itively, we can see each slice of the tensor as being
responsible for one type of entity pair or instantiation
of arelation. For instance, the model could learn that
both animals and mechanical entities such as cars
can have parts (i.e., (car, has part, z)) from differ-
ent parts of the semantic word vector space. In our
experiments, we show that this results in improved
performance. Another way to interpret each tensor
slice is that it mediates the relationship between the
two entity vectors differently.

Neural Tensor Layer

Linear Slices of Standard Bias
Layer Tensor Layer Layer

A A

- ! .
= gl ARY| LY

1 1| ]

@ &

|

Figure 2: Visualization of the Neural Tensor
Network. Each dashed box represents one
slice of the tensor, in this case there are k = 2
slices.
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Translation-based Model’

For each (head, relation, tail), relation works as a translation from
head to tail.

born in Mom
Fe—x

Austin

_child_of

Patt

ane
Miami _]ohn*

"Bordes A, Usunier N, Garcia-Duran A, et al. Translating embeddings for
modeling multi-relational data. Advances in Neural Information Processing
Systems. 2013: 2787-2795.
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Transk

o Basic idea: The functional relation induced by the /-labeled
edges corresponds to a translation of the embeddings, i.e., we
want h+ ¢ = t when (h, ¢, t) holds, while h" 4 ¢ should be far

away from t otherwise.
o We minimize a margin-based ranking criterion over the
training set:

L= Y S ly+dh+et)—dW + 6,8, (3)

(h,£,t)ES (' ,0,t')ES/, ,

where [x]4 denotes the positive part of x, v is a margin
hyperparameter, and

5(/h,e,t) ={(H,¢,t)|W € E}U{(h,¢,t")|t' € E} (4)
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Summary

Representation Learning in NLP
o Neural Language Model
o Word2Vec
o Doc2Vec

o KnowledgeBase2Vec
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Thanks.

HP: http://keg.cs.tsinghua.edu.cn/jietang/
Email: jietang@tsinghua.edu.cn
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