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Natu ral I_a nguage Text The cat sat on the mat.
P rOCeSSi n g ( N I_ P) l Standardization

Standardized text the cat sat on the mat
* Preprocessing
. . Tokenization
— Convert words into vectors first
Tokens "the", "cat", "sat", "on", "the", "mat"
l Indexing
Token indices 3, 26, 65,9, 3, 133

l One-hot encoding or embedding

O|(0|(O||(O||O]|]|1

Vector O|(0|(1|(1((0]|]|0
encoding 01101{01]0]{0}|0
of indices THO O (]9
O|(1|(1|(0||0|]|0
O|(0|(O||(O||O]|]|1




Why Word Embeddings?

AUDIO IMAGES TEXT

Word, context, or
document vectors

DENSE DENSE SPARSE

Audio Spectrogram Image pixels

https://www.tensorflow.org/tutorials/representation/word2vec



https://www.tensorflow.org/tutorials/representation/word2vec

Word2vec (Word Embeddings)

e Embed one-hot encoded word vectors into dense vectors

* Mikolov, Tomas, llya Sutskever, Kai Chen, Greg S. Corrado, and Jeff
Dean. "Distributed representations of words and phrases and their
compositionality.”" In Advances in neural information processing
systems, pp. 3111-3119. 2013.



Bag-of-words vs. Sequence Model

jumped

jumped




Bag-of-words

* Count-based methods:
— how often some word co-occurs with its neighbor words
— Latent Semantic Analysis

e Predictive methods:

— Predict a word from its neighbors
— Continuous Bag-of-Words model (CBOW) and Skip-Gram model



Continuous Bag-of-Words vs. Skip-Gram

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT

wi(t-2) w(t-2)

w(t-1) w(t-1)

SUM

L |w) <:> wt) ——

w(t+1) w(t+1)

NG

w(t+2) w(t+2)

CBOW Skip-gram



N-Gram Model

e Use a sequence of N words
to predict next word

* Example N=3

— (The, quick, brown) -> fox

jumped over the lazy dog
over the lazy dog

The the lazy dog
The quick the lazy dog
The quick hrown fox lazy dog
The quick hrown fox
The quick hrown fox jumped
The quick brown fox jumped over




Skip-Gram Model

e Window size of 2

Source Text

-quick brown |fox Jjumps

The

brown |fox|jumps

AV

The|quick - fox|jumps

over

over

over

The|quick|brown - Jjumps

over

the

the

the

the

http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/

lazy dog.

lazy dog.

lazy dog.

lazy dog.

Training
Samples

(the, quick)
(the, brown)

(quick, the)
(quick, brown)
(quick, fox)

(brown, the)
(brown, quick)
(brown, fox)
(brown, jumps)

(fox, quick)
(fox, brown)
(fox, jumps)
(fox, over)


http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/

Word2Vec Tutorial

Output Layer

* Word2Vec Tutorial - The Skip-Gram Model Softmax Classifier

Hidden Layer

Probability that the word at a

* Word2Vec Tutorial - Negative Sampling Input Vector earNewrens 7 e i

0
— 4
0
r \ F ——> .. “ability”
0
0
‘ (0] >
"
A ‘1" in the position 0 - able
corresponding to the —»
word “ants 0
0
— [o]
10,000
positions
300 neurons —>  .."zone”
| _J h ——

10,000
neurons

Chris McCormick, http://mccormickml.com/tutorials/



http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/
http://mccormickml.com/2017/01/11/word2vec-tutorial-part-2-negative-sampling/
http://mccormickml.com/tutorials/

QOutput Layer

I\. eurd | N EtWO I k fO I Softmax Classifier
S (I p—G ram Hidden Layer

Linear Neurons
Input Vector

Probability that the word at a
——— randomly chosen, nearby
position is “abandon”

0
'
0
0 ——~  brown
0
0
.0 .
0 ~  jumps
fox —
0
0
. -
0
10,000
positions
—— quick

’ 300 neurons

No activation function 10,000
neurons



10,000 words

Hidden Layer
Weight Matrix

300 neurons

—

10,000 words

Word Vector
Lookup Table!

300 features

20 1



Hidden Layer as Look-up Table

* One-hot vector selects the matrix row corresponding to the “1”

17 24 1 7
23 5 7
0 0 0 1 0] x [4 6 13| = [10 12 19]
10 12 19
.11 18 254




The Output Layer (Softmax)

e Qutput probability of nearby words (e.g., “jumps” next to “fox”)
e Sum of all outputs is equal to 1

Output weights for “car”

softmax
Word vector for fox & . .
E Probability that if you
T X S = randomlv pick a word
300 features S nearby fox ,thatitis jumps




Softmax Function

elscore(wg,h)}

* P(w|h) = softmax(score(w;, h)) =

¥ p{score(w’,h)}

word w'! invocab.

» score(wy, h) computes compatibility of word w; with the context h (dot-
product is used)

* Train the model by maximizing its log-likelihood:

_ logP(thh): SCOT’Q(Wt, h) — log (Z {SCOTG(W’,h)})

word w' invocab. €



Sampling Important Words

e Remove non-informative word “the”

Source Text

quick

brown [fox Jjumps

The

brown |fox | Jumps

The

quick - fox|jumps

over

over

over

The

quick

brown - jumps

over

the lazy dog.

the lazy dog.

the lazy dog.

the lazy dog.

Training
Samples

(the, quick)
(the, brown)

(quick, the)
(quick, brown)
(quick, fox)

(brown, the)
(brown, quick)
(brown, fox)
(brown, jumps)

(fox, quick)
(fox, brown)
(fox, jumps)
(fox, over)



Probability of Keeping the Word

 z(w;) is the occurrence rate of word w;

* P(w;) is the keeping probability

Graph for (sqrt(x/0.001)+1)*0.001/x

i
B z(w;) 0.001
Plwi) =/ 5001 T 2wy

0.01

0.02

0.03

0.04

0.05

0.06

o 0.002537675  y:1.02180467

0.07

0.08

0.09

0.1




Negative Sampling

* Problem: too many parameters to
learn at training

* Solution
—Select only few other words as
negative samples (output prob. = “0”)

—Original paper selected 5 — 20 words
for small datasets. 2 — 5 words work
for large datasets

the cat sits on the mi:lT_J

RN




Negative Sampling

elscore(wg,h)}

* P(w¢|h) = so f tmax(score(wt, h)) = > Siscore(w’ h))

word w'! invocab.

* logP(w¢|h)=score(ws, h) — log (Z b e{SCOTe(W';h)})

word w' in voca

* Negative sampling reduces the number of words in the second terms



king

Evaluate Word2Vec

A

man

.'~

@) '\~* woman
s~~~ ‘
~§

A

O
queen
—
Male-Female

A
walked
@
¥
. swam
O
walking 1.
.” —
®
swimming
Verb tense

Spain \
Rome

Germany =
=== Berlin
Ankara
Russia
Moscow
Canada Ottawa
Japan
P Tokyo
Vietnam Hanoi
China Beijing

Country-Capital



Vector Addition & Subtraction

* vec(“Russia”) + vec(“river”) = vec(“Volga River”)
° VeC(((Germany”) + Vec(llcapitalll) ~ VeC(IIBerlinl’)
* vec(“King”) - vec(“man”) + vec(“woman”) = vec(“Queen”)



Embedding in Keras

* Input dimension: Dimension of the one-hot encoding, e.g. number of
word indices

* Qutput dimension: Dimension of embedding vector

from keras.layers import Embedding

embedding layer = Embedding(1000, 64)



Using Embedding to Classity IMDB Data

from keras.datasets import imdb

from keras import preprocessing

from keras.models import Sequential

from keras.layers import Flatten, Dense, Embedding

max_features = 10000 # Number of words

maxlen = 20 # Select only 20 words in a text for demo

(x_train, y train), (x_test, y test) = imdb.load _data(num_words=max_features)

# Turn the lists of integers into a 2D integer tensor of shape (samples, maxlen)
Xx_train = preprocessing.sequence.pad_sequences(x_train, maxlen=maxlen)

Xx_test = preprocessing.sequence.pad_sequences(x_test, maxlen=maxlen)

model = Sequential()

# Specify the max input length to the Embedding layer so we can later flatten the embedded
# inputs. After the Embedding layer, the activations have shape (samples, maxlen, 8).
model.add(Embedding (10000, 8, input_length=maxlen))

model.add(Flatten())

model.add(Dense(1l, activation='sigmoid'))

model.compile(optimizer="rmsprop', loss='binary crossentropy', metrics=['acc'])

history = model.fit(x_train, y train, epochs=10, batch size=32, validation split=0.2)




raining Embedding Model on IMDB

Training and validation accuracy

i

0.9 1

0.8 -

0.7 1

0.6 -

0.5~

= & L @ @ £ @ e ®
® Training acc
- Validation acc
2 4 b 8



GloVe: Global Vectors for Word Representation

* Developed by Stanford in 2014
e Based on Matrix Factorization of Word Co-occurrence
* https://nlp.stanford.edu/projects/glove/

* Assumption
— Ratios of word-word co-occurrence probabilities encode some form of meaning

Probability and Ratio | k = solid k = gas k = water k = fashion

P(klice) 1.9%x 107 66x107° 3.0x107% 1.7x107°
P(k|steam) 2210°° 78x10* 22x102 18%x10°
P(klice)/ P (k|steam) 8.9 8.5 x 1072 1.36 0.96



https://nlp.stanford.edu/projects/glove/

sing Pretrained Word Embedding Vectors (2-1)

# Preprocessing the embeddings
glove dir = "./glove/’
embeddings index = {}
f = open(os.path.join(glove dir, 'glove.6B.100d.txt"))
for line in :
values = line.split()
word = values[©]
coefs = np.asarray(values[1l:], dtype='float32")
embeddings index[word] = coefs
f.close()
print( ‘Found %s word vectors.’ % len(embeddings index))# 400000 word vectors.

# Create a word embedding tensor
embedding dim = 100
embedding matrix = np.zeros((max_words, embedding dim))
for word, i in word index.items():
embedding vector = embeddings index.get(word)
if 1 < max_words:
if embedding vector is not None:
# Words not found in embedding index will be all-zeros.
embedding matrix[i] = embedding vector




Using Pretrained Word Embedding Vectors (2-2)

from keras.models import Sequential
from keras.layers import Embedding, Flatten, Dense

model = Sequential()

model.add(Embedding(max_words, embedding dim, input length=maxlen))
model.add(Flatten())

model.add(Dense(32, activation='relu'))

model.add(Dense(1l, activation='sigmoid'))

model. summary ()

# Load the GloVe embeddings in the model
model.layers[0].set weights([embedding matrix])
model.layers[@].trainable = False

model.compile(optimizer="rmsprop', loss='binary crossentropy', metrics=['acc'])
history = model.fit(x_train, y train,

epochs=10, batch _size=32, validation data=(x_val, y val))
model.save _weights('pre trained glove model.h5")

https://github.com/fchollet/deep-learning-with-python-notebooks/blob/master/6.1-using-word-embeddings.ipynb



https://github.com/fchollet/deep-learning-with-python-notebooks/blob/master/6.1-using-word-embeddings.ipynb

Classitying IMDB Reviews

With pretrained Glove vectors

1.0

0.9 1

0.8 4

0.7 1

0.6 1

0.5 4

Training and validation accuracy

® Training acc e
- \alidation acc

Without pretrained embedding model

1.0

0.9 1

0.8 1

0.7 1

0.6 1

0.5 1

Training and validation accuracy

® Training acc
- Validation acc




Embedding Project (projector.tensorflow.org/

Embedding Projector
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https://projector.tensorflow.org/
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Neighbors of “Learning”
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Image Hashtag Recommendation

* Hashtag => a word or phrase preceded by the symbol # that
categorizes the accompanying text

* Created by Twitter, now supported by all social networks
* Instagram hashtag statistics (2017): e E——— 1

instagood NN c50.6
photooftheday NN 458.5
fashion NN 426.9
beautiful NG 424
happy N 396.5
tbt N 389.5
likedlike NN 339.3
cute NN 339.3
followme [ 360.5
picoftheday [N 344.5
follow [N 344.3
me [N 334.1
selfie NN 319.4
summer [N 3182

0 500 1000

Hashtags

Latest stats: izea.com/2018/06/07/top-instagram-hashtags-2018

1500
Million


https://izea.com/2018/06/07/top-instagram-hashtags-2018/

Difficulties of Predicting Image Hashtag

e Abstraction: #love, #cute,...

* Abbreviation: #ootd, #ootn,...

* Emotion: #happy,...

* Obscurity: #motivation, #lol,...
 New-creation: #EvaChenPose,...
 No-relevance: #tbt, #nofilter, #vscoca
e Location: #NYC, #London

"W\t HEvaChg
\




/ero-Shot Learning

* |dentify object that you’ve never seen before

* More formal definition:
— Classify test classes Z with zero labeled data (Zero-shot!)

Data: xz € X

YNZ =1

Objective: f : X' — Z



/ero-Shot Formulation

e Describe objects by words
— Use attributes (semantic features)

IMAGE CLASS CLASS
IMAGES FEATURES ATTRIA]?.UTES LABELS
X X : ) Y Y
F(x;,yi,w .
R ,___?_h ’ N Y
./ \?{:ck zebra
0(x;) @(y:)
( ) whale
O(x P\Y; Y
(@) W)




DeVIiSE — Deep Visual Semantic Embedding

° Google, NlPS, 2013 [ Model [ 200 Tabels | 1000 Tabels |
1 (¥ o7
Mensink etal. 2012 [12] | 35.7% To%

Rohrbach et al. 2011 [17] 34.8% -

A B r..?.' :’t‘“
¢ .

Traditional Deep Visual Semantic Skip-gram . )
Visual Model Embedding Model Language Model ’ R R 'ﬁ-
label similarity metric nearby word s
1 / ‘e
( softmax layer ) transformation
( softmax layer )
|
core embedding embedding
visual _) vector (— vector
model parameter lookup table parameter lookup table
initialization I initialization I
) ) [l rertiles *
Image image label source word I birds i sects B food
musical instruments [Jl] clothing ] dogs

B aquatic life animals transportation



User Conditional Hashtag Prediction for Images

* E. Denton, J. Weston, M. Paluri, L. Bourdev, and R. Fergus, “User Conditional Hashtag
Prediction for Images,” ACM SIGKDD, 2015

* Hashtag Embedding: f(z,y) = ®/(z) ®x(y)
* Proposed 3 models:

Hashtags
or Hhappyhour
1. Bilinear — Embed. |
Embedding “Neowor || | " L
] P -

Im : "

Model omase — | ireobears

L?ﬁ::k - EmbeddiTg
User Matrix Embedding ”‘j_‘ffix e Mafﬂx :Pace IR
2 User-biased Metadata Q space R? 3. User- Y \ 4 16 (
. * T .
mOdel |ma:ge Matrix [ mu ltl p||Cat|Ve Del:::iﬁor Matrix
Descriptor P Combined Mo d e I ¥

Descriptor

User
Metadata



User Profile and Locations

-

Age Females Males Gender 15-17 years old 43-47 years old | Sydney Toronto
#mcm #like #wCw #100happydays #melbourne #toronto
#pbestfriend #1mp #mcm #blessed #sydney #tbt
#love #throwback #bestfriend #goodtimes #australia #canada
#lovehim #squad #th #family #spring #vancouver
#mce #wce #ss #love #beach #fall

13-17 #latepost #throwback- Female #bestfriends  #photogrid #grandfinal #throwback
#bestfriends #thursday #throwback #latergram #sunshine #blessed
#boyfriend #family #latepost #cousins #sun #ilovethiscity
#loveher #workflow #like #sunday funday #nz #vancity
#loveyou #selfie #selfiesunday #friends #newzealand #vscocam

#wem #bali #tb

#100happydays #photoshop- #wcw #goodtimes #happy #cntower
#mcm #express #like $blessed #nofilter $goodmorning
#love $wcw $#throwback #love #wellington #hoco
#sisters #goodtimes #squad #family #springbreak #montreal
#cousins #prouddad #tb #photoshop- #bondi #wew

43-47 #lovehim #throwback- Male #1lmp $express #afl_ $tdot
$latergram #thursday = #mcm #photogrid #thailand #lateupload
#loveher #selfie #ss #sunday funday #stkilda #$downtown
#bff #salute $wce #friends #city #beautiful
#youcampperfect #blessed #selfiesunday #zijasummitl4

#zijasummitl4 #prouddad

#familyfirst

Meta data

Possible values

Age

13 —-114

Gender

Male, Female, Unknown

Home City

GPS coordinates

Country

United States, Canada, Great Britain,
Australia, New Zealand



Frequency ( 9 )

Facebook’s Experiments

e 20 million images

* 4.6 million hashtags, average 2.7 tags per image
e Result

1

A

1.05

a

=

- 2
oo

o =2

o =k

0

!

=

Hashtag distribution

400 600
Hashtag

.anural
.Bﬂlnnced

800

1000

Method d K P@l R@10 A@10
Freq. baseline - - 3.04% 5.63% 9.45%
Bilinear 64 - 7.37% 11.71% 18.69%
Bilinear 128 - 7.37% 11.69% 18.44%
Bilinear 256 - 6.75% 10.84% 17.25%
Bilinear 512 - 6.50% 10.83% 17.17%
User-biased 64 - 9.02% 13.63% 21.88%
User-biased 128 - 9.00% 13.67% 21.83%
User-biased 256 - 8.48% 13.03% 20.96%
User-biased 512 - T.098% 12.51% 20.05%
3-way mult. 64 50 8.95% 13.66% 21.82%
3-way mult. 64 100 9.03% 13.81% 22.04%
3-way mult. 64 200 8.96% 13.81% 22.05%
3-way mult. 64 300 9.00% 13.74% 21.96%
3-way mult. 64 400 8.96% 13.65% 21.82%




Real World Applications

mccormickml.com/2018/06/15/applying-word2vec-to-recommenders-and-advertising/

Context

Input

VIEWING HISTORY

Context

PRIVATE ROOM. 186D
Charming guest room / Jolie chambre

PRIVATE ROOM . 1BED
STAY IN THE HEART OF PARIS |

TIRE APARTMENT -1 BED
Trocadero - Eiffel Tower - AIR CONDITIONING

airbnb =

PRIVATE BOOM . 186D

Cosy flat near the Champs Elysées

ENTIRE APARTMENT .286D5
Amazing design flat heart of Paris close to
sights

oA veves sk sevne 381

Context Input Context
Amazon.com Inbox  Amazen Orders  Your Amazon.con View order A Jun 12
Target Inbox Thanks for shopping Target! Here's your order #: 90 Jun 10
Amazon.com (3) Inbox  ~Amazen Orders. Your Amazon.con View order A Jun 10
Amazon.com Inbox Your Amazon.com order of "Da Track package A Jun 6
Amazon.com Inbox ~ Amazon Orders  Your Amazon.con View order A Jun 4
orderstatus@costco.com Inbox  Your Costco.com Order Number View order A Jun 4
Amazon.com Inbox Your Amazon.com order of "Fri Track package A Jun 3
orderstatus@costco.com Inbox Your Costco.com Order Number View order A Jun 2
Amazon.com Inbox ~ Amazon Orders  Your Amazon.con View order A Jun 2

HISTORY

Voyeur

Somebodies Something

No Words - Kasbo Remix

Play Queue

Lost

Falling Short (DarkO Remix)

Self Defined

Escape

Query —

Link

User Activity Log

—Google

@ Spotify

Phantoms, Ni Broken Halo

No Words (Re...

Lapsley, DarkO  Falling Short (...

Maya Payne The Lucky On

Tongues. Kitsuné Hot S.

chemicals for hot tub

Click

Query —

Ad

How to Properly Add Chemicals to Your Hot Tub - Sy
https://www.swimuniversity.com/add-chemicals-hot-tub/ ~

Apr 10, 2014 - How to Properly Add Chemicals to Your Hot Tub. Chemic:
circulate and gas off (or oxidize). When air is introduced, chemicals like

affectivelv do their inh It'e a annd idea tn teet the water with tect trin

| Go gle hot tub chemicals starter kit

Click

INIL

Hot Tub Chemicals Starter Kit | Free 2-day Shipping \
www.amazon.com/lawn-garden/pool-spa-tools ¥

Yk Rating for amazon.com: 4.7 - Email reply time: 5 hours

Find Deals on Hot Tub Chemicals Starter Kit in Pool & Spa Tools on Am:

N


http://mccormickml.com/2018/06/15/applying-word2vec-to-recommenders-and-advertising/
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