A word is worth a
thousand vectors

(word2vec, lda, and introducing lda2vec)

0% %
%
0%}
// X
72N

Christopher Moody
@ Stitch Fix



(Gaussian Processes

Tensor Decomposition

j-th entity

-9 Caltech Physics
& PhD. in astrostats supercomputing s
c:'emsk\earn t-SNE contributor -

Input Ter

>>>>>> s Data Labs at Stitch Fix " e

github.com/cemoody

chainer
deep learning

=


https://twitter.com/chrisemoody
http://github.com/cemoody

Credit

Large swathes of this talk are from
previous presentations by:

e Jomas Mikolov

 David Blel

o Christopher Olah

e Radim Rehurek

« Omer [evy & Yoav Goldberg
 Richard Socher

e Xin Rong

 [Im Hopper



http://www.coling-2014.org/COLING%202014%20Tutorial-fix%20-%20Tomas%20Mikolov.pdf
http://colah.github.io/posts/2014-07-NLP-RNNs-Representations/
http://radimrehurek.com/2014/12/making-sense-of-word2vec/
http://web.engr.illinois.edu/~khashab2/files/2014_presentations/2014_acl_goldberg.pptx
http://cs224d.stanford.edu/syllabus.html
http://www-personal.umich.edu/~ronxin/pdf/w2vexp.pdf




St b H

word2vec

king - man + woman = queen
Huge splash in NLP world
Learns from raw text

Pretty simple algorithm
Comes pretrained



word2vec

Set up an objective function
Randomly initialize vectors
Do gradient descent



word2vec: learn word vector v;,

from it’s surrounding context



66 77
The fox jumped over the lazy dog

Maximize the likelihood of seeing the words given the word over.

P(thelover)
P(fox|over)
P (jumped| over)
P(thelover)
P(lazy|over)
P(dog|lover)

...Instead of maximizing the likelihood of co-occurrence counts.



What should this be?

P(fox|over)



Should depend on the word vectors.

P(fox|over)

P ( Ufox‘ Uover)



Twist: we have two vectors for every word.
Should depend on whether it’s the input or the output.

Also a contexrt window around every input word.

P(vour|vin)
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How should we define P(voyr|vin)?

Measure loss between
UIN and UOUT?

Uin o Uout



Yout Uin o Vout ~ 1




Uin o Vout ~ 0

Vout



Uin o Vout ~ -1

Vout




/UZTL o /Ugute [—1,1]



But we’d like to measure a probability.

/UZTL o Ugute [—1,1]



But we’d like to measure a probability.

softmax (v, « Vour ) € [0,1]



But we’d like to measure a probability.

softmax(viy o Vout )

Probability of choosing 1 of N discrete items.
Mapping from vector space to a multinomial over words.



But we’d like to measure a probability.

softmar ~  exp(Vip « Vour) € [0,1]



But we’d like to measure a probability.

exp (Vin o Vout )

| —
softmaz 2exp(Vin o Vi)

keV \

Normalization term over all words



But we’d like to measure a probability.

exp (Vin o Vout )

t — — P (Vout| Vin
softmazx S — (Vout| Vin )

keV



Learn by gradient descent on the softmax prob.

For every example we see update vy,

0
Vin = Vin T 3’Ump ( Uout|vz'n)

0
Vout -— Vout T+ 8@0utP ( Uaut|vin)



Model Redmond Havel ninjutsu
(ingney | o | % ] ™M™
Collobert (50d) conyers plauen reiki
lubbock dzerzhinsky kohona
keene osterreich karate
Turian (200d) McCarthy Jewell
(few weeks) Alston Arzu

Mnih (100d) Podhurst Pontiff
(7 days) Pinochet
p-Phrase nd v :
(10004, 1 day) president Vaclav Havel martial arts
Microsoft Velvet Revolution swordsmanship




Vector Training Accuracy [%]
Dimensionality | words
I T T T

Collobert-Weston NNLM
Turian NNLM

Turian NNLM

Mnih NNLM

Mnih NNLM
Mikolov RNNLM
Mikolov RNNLM

Huang NNLM

CBOW 783M 15.5 53.1 36.1




What is king + man - woman?




Load up the word vectors

QUEEN 0.3, 0.9]

KING [e.5, 0.7]

WOMAN [e.3, @.4]

MAN [e.5, 0.2]




Start with man - woman

WOMAN 0.3, 0.4]

MAN [e.5, 0.2]



Start with man - woman

V\MAN - WOMAN




Then take king

KING [e.5, 0.7]




And add man - woman

MAN - WOMAN
KING [e.5, 0.7]

AN




And add man - woman

? 0.3, 0.9]
MAN - WOMAN
KING [e.5, 0.7]

W




Find nearest word to result

? 0.3, 0.9]

KING




queen IS closest to resulting vector

QUEEN 0.3, 0.9]

KING




queen IS closest to resulting vector

QUEEN r10.3, 0.9]

KING




S0 king + man - woman = queen!

QUEEN

\KING

WOMAN

‘.K\\.MAN




The red direction encodes gender




Which i1s consistent across all words




This direction always means gender

\MORE FEMININE




We have hundreds of directions
encoding hundreds of ideas

HIGHER STATUS

\"t RE FEMLNINE




Czech + currency | Vietnam + capital French + actress

koruna Hanoi1 airline Lufthansa Moscow Juliette Binoche

Check crown Ho Chi Minh City carrier Lufthansa Volga River Vanessa Paradis
Polish zolty Viet Nam flag carrier Lufthansa upriver Charlotte Gainsbourg

CTK Vietnamese Lufthansa Russia Cecile De




I'TEM 3469 + ‘Pregnant’



+ ‘Pregnant’




— ITEM 701333
— ITEM 901004
— ITEM 800456
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what about LDA?
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Pairwise gamma correlation
from style ratings

Diversity from ratings
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Diversity from text




lda vs word2vec



66 .
I love finding new designer brands for jeans

N

word2vec IS local:
one poredicts a nearby



client_comments

| really like the color of this

top and the fit but for suc...

Almost too big. Love the
dress though. Going to k...

EVERYTHING about this

dress is absolutely PERFE...

This was a Winner to

Update my look.... thanks...

Love love love!!! Nothing
more to say here.

| love finding new designer
brands for jeans. | usuall...

Didn't think I'd be too
interested in jewelry but t...

Love love love the color,
pattern and flowiness!

66

I love finding new designer brands for jeans

But text Is usually organized.

vy,



client_comments

| really like the color of this
top and the fit but for suc...

Almost too big. Love the
dress though. Going to k...

EVERYTHING about this
dress is absolutely PERFE...

This was a Winner to
Update my look.... thanks...

Love love love!!! Nothing
more to say here.

| love finding new designer
brands for jeans. | usuall...

Didn't think I'd be too
interested in jewelry but t...

Love love love the color,
pattern and flowiness!

document_id

5943

5872

5951

4017

5953

7681

3870

6286

66

I love finding new designer brands for jeans

But text Is usually organized.

vy,



.6 77
iont comments document id | love finding new designer brands for jeans

| really like the color of this 5043
top and the fit but for suc... d
Almost too big. Love the OC 768 1

dress though. Going to k... el

EVERYTHING about this
dress is absolutely PERFE...

This was aWinnerto 4017 In LDA, globally predict
Love love love!!! Nothing

more to say here.

| love finding new designer
: 7681
brands for jeans. | usuall...

Dic't g be o0 g
iInterested in

Love love love th.e color, 6286
pattern and flowiness!

5951

5953



typical word2vec vector typical LDA document vector

[ -0.75,-1.25 -0.55, -0.12, +2.2] [ 0%, 9%, 78%, 11%]



typical word2vec vector typical LDA document vector

| -0.75, -1.25, -0.55, -0.12, +2.2] 78%, 11%]

All real values All sum to 100%



2.5

5D word?2vec vector

[ -0.75,-1.25, -0.55, -0.12, +2.2]

5D LDA document vector

78%, 11%]




15

10

0.5

0.0
-0.5

-1.0

=13

-2.5
-3.0

100D word?2vec vector

[ -0.75, -1.25, -0.55, -0.27, -0.94, 0.44, 0.05, 0.31 ...

0 10

dense

20

30

0.12, +2.2]

40

50

100D LDA document vector

sparse

78%, 11%]

value



100D word?2vec vector 100D LDA document vector

| -0.75,-1.25, -0.55,-0.27, -0.94, 0.44, 0.05, 0.31 ... -0.12, +2.2] 78%, 11%]
Similar in 100D ways Similar in fewer ways
(very flexible) (more interpretable)
+mixture

+sparse



can we do both? lda2vec



@chrisemoody

The goal:
Use all of this context to learn
INnterpretable topics.

client_ comments

| love finding new designer
brands for jeans. | usuall...

Didn't think I'd be too
interested in jewelry but t...

word2vec — P( Ky,


https://twitter.com/chrisemoody

@chrisemoody

The goal:
Use all of this context to learn
INnterpretable topics.

client._comments document_id

5943
5872
| 5951
4017

59563

 love finding new designer M

: 7681
brands for jeans. | usuall... : .
Didn't think I'd be too 80% h | g h faSh IOn

interested in jewelry but t... ZiTAL

6286 A

word2vec —i 00% style
LDA — P( | )
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@chrisemoody

The goal:
Use all of this context to learn
INnterpretable topics.

client_comments document_id |[zip_code

o :
- oz 80% hot climate
5951 158
4017 991
5953 193
| love findiqg new designer 7681 314
brands for jeans. | usuall...
Didn't think I'd be too 3870 43
interested in jewelry but t... 60% Outd 00rs wear
6286 151

word2vec —
LDA SEm—



https://twitter.com/chrisemoody

client_comments

| love finding new designer
brands for jeans. | usuall...

Didn't think I'd be too

interested in jewelry but t...

word2vec
LDA

document_id

5943
5872
| 5951
4017
5953
7681
3870

6286

—
—_—

The goal:

@chrisemoody

Use all of this context to learn

zip_code

52

194
158
991
193
314
43

191

INnterpretable topics.

client_id /\‘

5977

5906

5985

4051

5987

7715

3904

6320

80% sporty

60% casual wear


https://twitter.com/chrisemoody

UIN vour
66 .
PS! Thank you for such an awesome top

SN 7

word2vec predicts locally:
one word predicts a nearby worc

P(UOUT \UIN)



UDOC ’UOUT

66 .
doc_id=1846  PS! Thank you for such an awesome top

\_//

LDA predicts a word from a global context

P(vour |vpoc)



Upoc VIN  VoUT

66 .
doc_id=1846  PS! Thank you for such an awesome top
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can we predict a word both locally and globally “?




Upoc VIN  VoUT

66 .
doc_id=1846  PS! Thank you for such an awesome top
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can we predict a word both locally and globally “?

P(UOUT \UJN+ UDOC)



Upoc VIN  VOUT

66 .
doc_id=1846  PS! Thank you for such an awesome top

SN Y

\/

can we predict a word both locally and globally “?

P(UOUT \U]N+
Ny

*very similar to the Paragraph Vectors / doc2vec



This works! @ But v, isn't as
interpretable as the LDA topic vectors.



This works! @ But v, isn’'t as

interpretable as the LDA topic vectors.
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This works! © But v, isn’t as

interpretable as the LDA topic vectors.




This works! @ But v, isn't as
interpretable as the LDA topic vectors.

We're missing mixtures & sparsity.



This works! @ But v, isn't as
interpretable as the LDA topic vectors.

Let's make vy INtO a mixture...



Let's make vy INtO a mixture...

UpocCc = U Utopict + 0 Utopic2 T+... (up to k topics)



Let's make vy INtO a mixture...

Irinitarian A/\

baptismal UDOC = @ Vtopict + 0 Vtopica ...
Pentecostals
Bede
schismatics
excommaunication



Let's make vy INtO a mixture...

topic 1 = ‘*‘religion”

Trinitarian 4—\
baptismal UDOC = @ Vtopict + 0 Vtopica ...
Pentecostals
Bede
schismatics
excommaunication



Let's make vy INtO a mixture...

topic 1 = ‘*‘religion”
Trinitarian 4—\ Milosevic
baptismal UDOC = G Vtopict + b Utopicz +.. absentee
Pentecostals Indonesia
Bede Lebanese
schismatics Isrealis

excommunication Karadzic



Let's make vy INtO a mixture...

topic 1 = *“religion” topic 2 = ‘*politics”
Trinitarian 4—\ Milosevic
baptismal UDOC = G Vtopict + b Utopicz +.. absentee
Pentecostals Indonesia
bede Lebanese
schismatics Isrealis

excommunication Karadzic



Let's make vy INtO a mixture...

topic 1 = *“religion” topic 2 = ‘*politics”
Trinitarian ) Milosevic
baptismal vpoc = 10% religion + 89% politics +... absentee
Pentecostals Indonesia
bede Lebanese
schismatics Isrealis

excommunication Karadzic



Let's make vy Ssparse

UpocC — U Ureligion + b Unolitics +-...

L

(-0.75, -125  ..]




Let's make vy Ssparse

UpocC — U Ureligion + b Unolitics +-...

.




Let's make vy Ssparse

UpocC — U Ureligion + b Unolitics +-...
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Let's make vy Ssparse

UpocC — U Ureligion + b Unolitics +-...

{a, b, c...} ~ dirichlet(alpha)

2
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Let's make vy Ssparse

UpocC — U Ureligion + b Unolitics +-...

{a, b, c...} ~ dirichlet(alpha)



@chrisemoody

The goal:
Use all of this context to learn
INnterpretable topics.

client_comments document_id

5943
5872
| 5951
4017

5953

| love finding new designer M

brands for jeans. | usuall... 7681

Didn't think I'd be too 80% hlgh faShIOn

3870

6286 A

word2vec —i 00% style
LDA —_—

lda2vec ~—— P( Loy + )

interested in jewelry but t...
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client_ comments

| love finding new designer
brands for jeans. | usuall...

Didn't think I'd be too

interested in jewelry but t...

word2vec

LDA
[da2vec

document_id (zip_code
5943 52
5872 194
| 5951 158
4017 991
5953 193
7681 314
3870 43
6286 151
m—
—_—
—————

Use all of this context to learn
INnterpretable topics.

The goal:

@chrisemoody
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@chrisemoody

The goal:
Use all of this context to learn
INnterpretable topics.

client_comments document_id |[zip_code

o :

- oz 80% hot climate
5951 158
4017 991
5953 193

| love findiqg new designer 7681 314

brands for jeans. | usuall...

Didn't think I'd be too 3870 43

interested in jewelry but t... 60% Outd 00rs wear
6286 151

word2vec —

da2vec ~—o P( iias + )


https://twitter.com/chrisemoody

client_comments document_id |zip_code client_id
5943 52 5977
5872 194 5906
5951 158 5985
4017 991 4051
5953 193 5987

| love finding new designer

brands for jeans. | usuall... 7681 314 7715

Didn't think I'd be too

interested in jewelry but t... 2870 = 3904
6286 151 6320

word2vec —

LDA EE—

The goal:
Use all of this context to learn
INnterpretable topics.

—

W @chrisemoody

80% sporty

60% casual wear

+

UVCLIENTS


https://twitter.com/chrisemoody

Use all of this context to learn

The goal:

INnterpretable topics.

client_comments

5943 52 5977
5872 194 5906
| 5951 158 5985
4017 991 4051
5953 193 5987

document_id |zip_code client_id sold

1

1

1

1

1

| love flndlqg new designer 281 314
brands for jeans. | u

Didn't think I'd be to0
interested in jewelry but t...

3870

6286

word2vec —i

LDA
[da2vec

S

43 3904 1

191 6320 1

Can also make the topics
supervised so that they predict

P( vIN+
P (SOZd \ UCLJENTS)

S ———————————————————————————

+

@chrisemoody

an outcome.

+UCLIENTS )


https://twitter.com/chrisemoody

L] cemoody / Ida2vec

README.rst D

Ida2vec: Tools for interpreting
natural language

docs latest j§ build passing § coverage '93%

YW Follow chrisemoody 828

Requirements

Minimum requirements:

e Python 2.7+

e« NumPy 1.10+
e Chainer 1.5.1+
» spaCy 0.99+

Requirements for some features:

» CUDA support
» Testing utilities: py.test

W @chrisemoody

In [31): pyLDAvis.display(prepared_data)

Out[31]:

Selected Topic: 15 Previous Topic ” Next Topic | Clear Topic | Slide to adjust relevance metric:(2)

A=0.14

Intertopic Distance Map (via multidimensional scaling) Top-30 Most Relevant Terms for Topic 15 (4.2% of tokens)

0 5 10 15 20 25 30
PC2
out_of_vocabulary
18 intoxication _
imitrex |
Y
clearasil _
chiropractic _
cereal [NNEEREGG
naprosyn [N
prednisone (RN
fiakes |
tinnitus -
kellog I
lining |GG
. ots
endometriosis [—
pox [N
cider NG
acne [N
arythmia [N

transplant
seizure
| particulate [N
- acidophivs [N

posterna [N
teperman [N

nosebleeds -

pediatrician _

18

wip | —
I

Overall term frequency
2% I cstimated term frequency within the selected topic

5% 1, i = fr w) * m |l w) | :
2_relevance(term w l topic ) = A "plw | 1) + (1 < A) " p(w | 1)/p(w); see Sievert & Shirley (2014)

10%

uses pyldavis

AP| Ref docs (no narrative docs)

GPU

Decent test coverage

github.com/cemoody/lda2vec


http://github.com/cemoody/lda2vec
https://twitter.com/chrisemoody

Y @chrisemoody

Can we model topics to sentences?’
lda2lstm

: 27
doc_id=1846  PS! Thank you for such an awesome idea

A A A \ A A \&_ |
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Y @chrisemoody

: 27
doc_id=1846  PS! Thank you for such an awesome idea

A A A \ A A \&_ |

Can we represent the internal LSTM
states as a dirichlet mixture?


https://twitter.com/chrisemoody

Y @chrisemoody

Can we model topics to sentences?
lda2lstm

: 27
doc_id=1846  PS! Thank you for such an awesome idea

A A A \ A A \&_ |

Can we model topics to images?
lda2ae

EpOCh 390 TJ Torres



https://twitter.com/chrisemoody
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Bonus slides









Paragraph Vectors

(Just extend the context window)
Content dependency

(Change the window grammatically)
Social word2vec (deepwalk)

(Sentence is a walk on the graph)
Spotify

(Sentence is a playlist of song_.ids)
Stitch Fix

(Sentence is a shipment of five items)



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: 1Phone
Microsoft - Ballmer Google: Yahoo IBM: McNealy Apple: Jobs

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




SkipGram

(Guess the context
ogiven the word

66 )
The fox jumped over the lazy dog

VouTr VYour 7VoUT

Better at syntax.
(this is the one we went over)

,

VouTrT VoUuT VoUT

66

The fox jumped over the lazy dog

CBOW

(Guess the word
ogiven the context

VoUT

VIN UIN UIN VIN

~20x faster.
(this is the alternative.)

UIN

y,
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| loved every choice in this fix!! Great job!




Body Fit

My measurements are 36-28-32. If that helps.
| like wearing some clothing that is fitted.
Very hard for me to find pants that fit right.




Sizing  Excited for next

Really enjoyed the experience and the
pleces, sizing for tops was t<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>