2014 Spoken Language TechﬁOIo,gi{' o Fop.

D mb 7-10, 20]4 S uth Lake Tahoe , Nevada, USA —v "“""{}’

@ IEEE S@m ss/n_qsx ;‘\//éﬂ“‘

o

Deep Learning and Continuous
Representations for Language Processing

Xiaodong He and Scott Wen-tau Yin

Microsoft Research, Redmond, WA

Tutorial presented at IEEE SLT, December 7t, 2014



Tutorial Outline
» Part I: Background
Part |l: Deep learning in spoken language understanding
« Domain & intent detection using DNN
« Slot filling using RNN
« Variants and discussion
Part lll: Learning semantic embedding
« Semantic embedding: from words to sentences
« The Deep Structured Semantic Model/Deep Semantic Similarity Model (DSSM)
« DSSM in practice: Information Retrieval, Auto image captioning
Part IV: Natural Language Understanding
« Continuous Word Representations & Lexical Semantics
« Knowledge Base Embedding
« Semantic Parsing & Question Answering

Part V: Conclusion
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Part |

Background




Background for deep learning

. . —
Machine learning “ Statistics Programs

Deep learning

Machine learning
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The Universal @he Ngw ﬁﬁl’k @imeﬁ

Translator ... comes true!

Scientists See Promise in Deep-Learning Programs

John Markoff
November 23, 2012

Rick Rashid in Tianjin, China, October, 25, 2012

Deep learning
technology enabled
speech-to-speech
translation

A voice recognition program translated a speech given by
Richard F. Rashid, Microsoft's top scientist, into Mandarin Chinese.

B Microsoft Research



Impact of deep learning in speech technology

XBOX! BRING
ME A PIE!




MIT
Technology

Review

September 20,
2013

racebook L.aunches Advanced
Al Effort to Find Meaning in

Your Posts

A technique called deep learning could help Facebook understand

its users and their data better.

By Tom Simonite on September 20, 2013

...... Facebook's foray into deep learning sees it following its
competitors Google and Microsoft, which have used the
approach to impressive effect in the past year. Google has hired
and acquired leading talent in the field (see “10 Breakthrough
Technologies 2013: Deep Learning”), and last year created

software that taught itself to recognize cats and other objects
by reviewing stills from YouTube videos. The underlying deep
learning technology was later used to slash the error rate of
Google’s voice recognition services (see “Google’s Virtual Brain
Goes to Work")....Researchers at Microsoft have used deep
learning to build a system that translates speech from English
to Mandarin Chinese in real time (see “Microsoft Brings Star
Trek’s Voice Translator to Life"). Chinese Web giant Baidu also
recently established a Silicon Valley research lab to work on

deep learning.

H
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http://www.technologyreview.com/featuredstory/513696/deep-learning/
http://www.technologyreview.com/news/429442/google-puts-its-virtual-brain-technology-to-work/
http://www.technologyreview.com/news/507181/microsoft-brings-star-treks-voice-translator-to-life/

MIT
Technology

Review

BUSINESS NEWS B 2 COMMENTS

Is Google Cornering the
Market on Deep Learning?

A cutting-edge corner of science is being wooed by Silicon Valley, to
the dismay of some academics.

By Antonio Regalado on January 29, 2014

How much are a dozen deep-learning researchers
worth? Apparently, more than $400 million.

This week, Google reportedly paid that much to
acquire DeepMind Technologies, a startup based ig

This is Freescal (AEIEGAE ST




DNN: (Fully-Connected) Deep Neural Networks
“DNN for acoustic modeling in speech recognition,” in /EEE SPM, Nov. 2012

Geoffrey Hinton, Li Deng, Dong Yu, George E. Dahl, Abdel-rahman Mohamed, Navdeep Jaitly,
Andrew Senior, Vincent Vanhoucke, Patrick Nguyen, Tara N. Sainath, and Brian Kingsbury

DBEM-DMNM
REM DBN T wa=o0
ABN Copy L e 4 e Wy
—
GRBM H Wa ] ¥e T Wy
Copy
 —
L' W1 | W1T
First train a stack of N models each of Then compose them Then add outputs
which has one hidden layer. Each into a single Deep Belief and train the DNN
model in the stack treats the hidden Network. with backprop.

variables of the previous model as data.
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o [ TR e CD-DNN-HMM

* *-1 P Fre1 t 43 /—|s‘"’°”"‘
D D[] (D @ ! Dahl, Yu, Deng, and Acero, “Context-Dependent

Pre-trained Deep Neural Networks for Large
Vocabulary Speech Recognition,” IEEE Trans. ASLP,
Jan. 2012

€
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Progress of spontaneous speech recognition
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oo little progress for 10+ yrs

After no improvement for 10+ years by the o VSR
research community... 10% "\, Rashid
...MSR reduced error from ~23% to <13% 0% Demo
(and under 7% for Rick Rashid’'s S2S demo)! £ 88 % 8 8838882888 8¢88¢88 88
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Deep Convolutional NN for Images

CNN: iocal connections with weight sharing;
pooling for translation invariance

C3f.maps 16 @10x10
CA: feature maps S4:f. maps 16@5x5
INPUT 6@28x28
I32w32 32 f. maps
G@14x14

Full c.u:unrllectiu:-n | Gaussian connections
Convolutions Subsampling Convolutions Subsampling Full connection

Image LeCun et al., 1998 Output

p——
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A Basic Module of the CNN

Pooling

L]

Convolution

L]

Image
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Deep Convolutional NN for Images
2012

- Fulycomnected
-
 Fulycomnected
-
~ Fulycomnected
-

- Comolution/pooling
-

- Convolution/pooling
-

- Comvolution/pooling
-

- Comolution/pooling
-

- Convolution/pooling
-

A paradigm shift in 2012!

earlier

Image

Raw Image pixels
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ImageNet 1K Competition

Progress of object recognition (1k ImageNet)

Krizhevsky, Sutskever, Hinton, “ImageNet
Classification with Deep Convolutional Neural
Networks!” NIPS, Dec. 2012

shallow model

25%

20% deep model

Top-5 classification error rate

styear
. Fall 2012
- 10% deep model d((ejep model
3 year
w0 2nd year
5%
25
0%
© 20 £ £ & 2
L
15 201 2 - 201 4
| I
5
0
3 » )
@ﬁ%‘ et P o ot o €% Deep CNN !!!
i S P K oV

.. Univ. Toronto team
Top-5 classification error rate
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Neural network based language model

LM: predict the next word given the past:
e.g., p(chases|the cat) =7, p(says|the cat) =

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

softmax
*e - oee )
Y
. mostf computation here k\
Yoshua Bengio \
"4
tanh !
— o0 ) '
I
1
f
F
,
C{w;_y Clw;_a)  Clwi_y) 7 ’
CIE (0 ® - @)
Table Matrix C Bengio, Ducharme, Vincent, Jauvin, "A
ookup [T ihared parameters neural probabilistic language model. *
across words _JMLR, 2003
index for Wi_n1 index for wy_a index for w; 4
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Recurrent NN based language model

Mikolov, Karafiat, Burget, Cernocky, Khudanpur, “Recurrent neural
network based language model” Interspeech, 2010

« Large LM perplexity reduction

* Lower ASR WER improvement

* Expensive in learning

« Later turned to FFNN at Google:
w(t) y(t) Word?2vec, Skip-gram, etc.

Tomas Mikolov

] * All UNSUPERVISED
cat g s(t) —>
=
u v 5 chases Table 1: Performance of models on WSJ DEV set when increas-
’ > ing size of training data.
—
» k. } | Model | #words | PPL | WER |
N _ KNS LM 200K | 336 | 16.4
delayed IS KNS5 LM + RNN 90/2 200K 271 15.4
( yved)
E—
KNS5 LM IM 287 15.1
KNS5 LM + RNN 90/2 IM 225 14.0
KNS5 LM 60.4M 221 13.5
KNS5 LM + RNN 250/5 6.4M 156 11.7

R
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Deep learning demonstrates great success in speech,
image, and natural language!

DEEP LEARNING

» Computers leaming and
growing on theirown

» Able to understand
i ' complex, massive
> amounts of data
P e
: :
DATA ECANPMY

DEEP LEARNING

Is Deep Learning, the 'holy grail’' of big data? - CNBC - Video
video.cnbc.com/gallery/?video=3000192292 ~

4 Aug 22, 2013

Derrick Harris, GigaOM, explains how "Deep Learning"”

” i3 n. e - - . = s
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Usetul Sites on Deep Learning

« http://www.cs.toronto.edu/~hinton/

« http://ufldl.stanford.edu/wiki/index.php/UFLDL Recommended
Readings

« http://utldl.stanford.edu/wiki/index.php/UFLDL Tutorial (Andrew
Ng's group)

« Nttp://deeplearning.net/reading-list/ (Bengios group)
« http://deeplearning.net/tutorial/

« http://deeplearning.net/deep-learning-research-groups-and-
abs/

« Google+ Deep Learning community
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L g = W A o
201.4-Spoken Language Technology Workshop
December 7-10, 2014 '.Scufh Lake Tahoe, Nevada, USA ’ g

B Microsoft Research

,
=
4 Stpral Bggessing Socely


http://www.cs.toronto.edu/~hinton/
http://ufldl.stanford.edu/wiki/index.php/UFLDL_Recommended_Readings
http://ufldl.stanford.edu/wiki/index.php/UFLDL_Tutorial
http://deeplearning.net/reading-list/
http://deeplearning.net/tutorial/
http://deeplearning.net/deep-learning-research-groups-and-labs/

Interim Summary

« Deep learning sees great impact in Speech,
Image, and Text

« Common deep learning architectures

« DNN (Deep Neural Nets)
« CNN (Convolutional Neural Nets)
« RNN (Recurrent Neural Nets)

 The next parts will elaborate on the learning
and applications of deep learning/continuous
space methods in NLP

- e

e - - e = s
- . 2014:Spoken Language Technology Workshop
December 7-10, 2014 "Scuth Lake Tahoe, Nevada, USA : g

’

Microsoft Research e ,
] DIEEE =



Part Il

Deep learning in spoken
language understanding




Deep learning for spoken language processing

The scenarios
« Domain & intent classification
o Semantic S|Ot f||||ng "Show me flights from Boston to New York today”

4

Domain: travel

Intent: find_flight

“Show me flights from Boston to New York today”

/A

GOOS[Q NOW Semantic slots: City-departure  City-arrival Date

- e
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Why SLU is difficult?

» Huge variability in the spoken language

* e.g., both the following two utterances are in the Travel
domain, Find_Flight intent, and same semantic slots, but are
uttered very differently

(1) “lI want to fly from San Francisco to New York in a weekend”
(2) “Show me weekend flights from SFO to JFK"

- e
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Domain & Intent Classification

« A semantic utterance classification (SUC)
problem

A

» C = argmaxy P(C|X)
- Where

- C e{C4,..,Cy} belong to one of the M semantic categories (e.qg.,
domain or intent)

« X is the input utterance

R
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SUC: Common methods

« Common raw features usually include
« Word n-grams (n=1, 2, 3), e.g., bi-gram,

1, if c=Cr Nwaw, € W,y
0, otherwise.

fC‘w'rw (C W) {

« Common classifiers

« Logistic regression
1
PCIW) = ) wifi(C, W)
i
« Boosting, SVM, etc.

R
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Deep stack net for domain & intent classification

Deep stack net for semantic utterance Output domain —

classification: __I
1) A stack of a series of 3-layer perceptron modules SN
2) Output layer is concatenated with raw input to form

" inputoata

input layer of the next module putData
g .

“Show me flights from Boston to New York today”
Iy

Domain: travel — n .
N ¥
Input sentence —

[Tur, Deng, Hakkani-Tur, He, 2012; Deng, Tur, He, Hakkani-Tur, 2012]
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Domain classification results

Table 2. Comparisons of the domain classification error rates  Table 3. More detailed results of K-DCN in Table 2 with

among the boosting-based baseline system, DCN systemn, and K-
DCN system for a domain classification task. Three types of raw
features (lexical, query clicks, and name entities) and four ways

Lexical+QueryClick features. Domain classification error rates
(percent) on Train set, Dev set, and Test set as a function of the

of their combinations are used for the evaluation as shown in depth of the K-DCN.
our rows of the table. Depth Train Err% Dev Error% Test Err%
Feature Sets Baseline DCN K-DCN 1 9.54 12.90 12.20
lexical features 10.40% 10.09% 9.52% B 6.36 10.50 9.99
lexical features 9.40% 9.32% 8.88% 3 4.12 9.25 8.25
+ Named Entities _— 4 1.39 7.00 7.20
lexical features 8.50% 7.43% ( 5.94%5 5 0.28 6.50 5.94
+ Query clicks T T 6 | 0.26 | 6.45 | 594 |
lexical feat}lres 10.10% 7.26% 5.89% 7 0.26 6.55 6.26
+ Query clicks
+ Named Entities 8 0.27 6.60 6.20
V
30% error reduction over a Error keeps decreasing until up to six
boosting-based baseline! layers are added up

B Microsoft Research

Deng, Tur, He, Hakkani-Tur, Use of kernel deep convex networks and
end-to-end learning for spoken language understanding, IEEE-SLT 2012
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Semantic slot filling

A example in the Airline Travel Information System (ATIS) corpus

e e Lon L botor Lo Locw ok Liosn

Slots B-dept B-arr  l-arr B-date

Slot filling can be viewed as a sequential tagging problem

=
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Slot Filling: Common methods

Conditional random field (CRF)

. K\
) ) ) e St i < Zlngz Z—Z

i=1 t=1 k=1

* N: number of training samples

* T: number of words in the sentence |

« K: "observation” functions (feature functions)
X: iInput words in the sentence

y: output tags

Other variants of CRF exist, e.g., semi-CRF.

- e
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Recurrent neural networks for slot filling

h: is the hidden layer that carries the information from time 0~t

where x;: the input word , y;: the output tag
y: = SoftMax(U - hy),where hy = oc(W - h;_1 +V - x;)

U U U U
W W |14
> > —_—

V V V V

Elman RNN [Mesnil, He, Deng, Bengio, 2013; Yao, Zweig, Hwang, Shi, Yu, 2013]

x 201.4-Spoken Language Technology W orkshop

December 7-10, 2014 » South Lake Tahoe, Nevada, USA
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Back-propagation through time (BPTT)

1. Forward propagation

U 4. Back propagation

2. Generate output

3. Calculate error

< < 5. Back prop. through time

T2

x 2014 Spoken Language Technolog omop
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Jordan RNN

h: is the hidden layer that carries the information from time 0~t

where x;: the input word , y;: the output tag
v = SoftMax(U - h;),where hy = oc(W - y;_1 +V - x;)

ElIman-Jordan hybrid RNN is implemented, too.

2 Ep——

————— == .
2014:Spoken Language Technology Workshop
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Bi-directional RNN

Outputs s Yr—1 Yt Yt+1 - - -

Backward Layer 4’— @ @

Forward Layer

Inputs N s | Tt [

R
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A Long-Short-Term-Memory Unit in LSTM-RNN

b b

Input Gate

bht

it = 0 (Wyite + Whihi—1 + Weici—1 + b;)

fr =0 (Wypay + Whphi—1 + Weper—q + by)

/ T \ ¢t = fici—1 + iy tanh (Woers + Wichi—q + be)
0t = 0 (Weoms + Whohi—1 + Weoey + b)

hs = o; tanh(c;)

Information flow in an LSTM unit of the RNN, with both diagrammatic and mathematical descriptions.

R
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Results on the ATIS Benchmark

oF/l_SCOfe Flman Jordan Hybrid RNN outperforms CRF and simple Feed-
RONN 94 93 9429 05 06 ,% Forward Neural network significantly
FFN 93.32 ]

CRF 92.94 ¥

Table 1: ATIS test set F1-score of the different models after 200
runs of random sampling for hyper-parameters selection. All
models are trained via stochastic gradient. Lexical feature only.

Fl-score % | Elman Jordan | Hybrid Stochastic gradient training gives better
STO | Min | 93.23 92.91 94.19 results than mini-batch training
Max | 95.04 94.31 95.06 The variations of Stochastic gradient
Avg | 94.44 93.81 94.61 training is slightly larger
+0.41 +0.32 +0.18
MB | Min | 92.8 93.17 93.06
Max | 94.42 94.15 94.21
Avg | 93.58 93.72 93.66 . . . s
1030 1004 10,30 Mesnil, Dauphin, Yao, Bengio, Deng, Hakkani-Tur, He,

Table 2. Measurement of the impact of using different ways of HeCk_’ Tur’ _YU’ Zwelg’ USIﬂg recurrent neural l’letWOt’kS for
training the models and random seed on the performance. slot filling in spoken language understanding,” [EEE TASLP

R
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Results: importance of using local context

Fl-score | Elman | Jordan | Hybrid | CRF Without using local n-gram feature, CRF’s
Single, 93.15 |6523 [93.32 |69.68 performance degrades significantly
w/o context
BiDir, 93.46 9031 |93.16 RNN models degrade much less except
w/o context Jordan RNN (recall Jordan vs. ElIman RNN)
Single, 94.98 94.29 95.06 92.94
;’BQEFeXt (92;)73 (9?03 (974)15 ©) Bi-direction modeling helps a lot for Jordan
1d1r . . . . .

confoxt 5) ©) 7) RNN (because of bring in context)

Table 3. Fl1-score of single and Bi-Directional models with or w/o . . L .

context windows. We report the best context window size hyper- But with rich local co ntext, bi-direction

parameter as the number in the round brackets.

modeling doesn’t help

R
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Results: using extra features / noisy input

Fl-score | Elman | Jordan | Hybrid | CRF RNN, just like CRF, can take benefit of using
Word 94.98 19429 [95.06 |92.94 extra features (like Named Entity ID)
Word+NE | 96.24 | 95.25 |95.85 |95.16

Table 4. Performance with Named Entity features.

Fl-score | Elman | Jordan @ Hybrid | CRF RNN is robust under noisy input condition
Word 9498 | 9429 | 95.06 | 92.94
ASR 85.05 | 85.02 | 84.76 | &1.15

Table 5. Comparison between manually labeled word and ASR

output.

R
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Fl-score Elman Jordan Hybrid
M O re R eS ¥ ‘tS ATIS Word 94 .98 94.29 95.06
ATIS Word 94.99 94.25 94 .77
+Viterbi (+0.01) | (-0.04) | (-0.29)
ATIS 92.94
Word/CRF
Adding a Viterbi decoding process on top ATIS ASR 85.05 85.02 84.76
of RNN's output helps, especially for ATIS ASR 86.16 | 8521 | 85.36
difficult task +Viterbi (+1.11) | (+0.19) | (+0.6)
ATIS 81.15
ASR/CRF
Drop-out provides effective regularization Entertainment | 88.67 3870 39 04
for RNN training Entertainment = 90.19 90.62 90.01
+Viterbi (+1.42) | (+1.92) | (+0.97)
Entertainment - 91.14 -
+Viterbi (+2.44)
+Dropout
Entertainment 90.64
/CRF

Table 6. Comparison with Viterbi decoding with different methods
on several datasets

=
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Other relevant work

Deep Believe Network [Deoras and Sarikaya, 2013]
Recurrent CRF [Yao, Peng, Zweig, Yu, Li, Gao, 2014]

Recursive NN [Guo, Tur, Yih, Zweig, IEEE-SLT 2014]

Use one recursive NN model to jointly predict the semantic label and slots of utterances from a
spoken dialog system

[ Slot Classifer ]

Intent Classifier
tri-path Cn:!xx}xp

— ."-. NP ?__f};
________ -."_.. E PP ;: :
ground  transportation in phoenix
transportation in phoenix

SEET 2014 Spoken Langucge Technology ™V orop

Dec b71020]4$thkTh , Nevada, USA

Microsoft Research ” ,
] QIEEE ©ne-s



Interim Summary

* Introduction to SLU

« DNN/DCN/K-DCN for Domain/intent
detection

« RNN and its variants for slot filling

« Deep learning models demonstrate superior
performances on these tasks

R
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However, understanding human language is more
challenging than that ...

R
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Part 1l

Learning Semantic
Embedding



Why understanding language is difficult?

The meaning of text is usually vague and latent

e.g., no clear “supervision” signal to learn from as in speech/image recog.
and many NLP tasks are not classification tasks

Human language has great variability
similar concepts are expressed in different ways, e.q., kitty vs. cat

Human language has great ambiguity
similar expressions mean different concepts, e.qg.,

new york vs. new york times

Learning semantic meaning of texts is a key challenge in
language processing

=
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Semantic embedding

Project raw text into a continuous semantic space
e.g., word embedding

Captures the Word meaning IN a semantic space 1o Rt AT
N Pt N e

02

f(cat) = a.k.a the 1-hot word embedding | .
word vector vector in the

/ , semantic space

The index of “cat” in
the vocabulary

Dim=100~1000

Dim=|V|=100K~100M

Deerwester, Dumais, Furnas, Landauer,
Harshman, "Indexing by latent
semantic analysis," JASIS 1990

x 2014:Spoken Langucge Techno|og"y"WMop
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SENNA word embedding

Scoring:

Score(wy, Wo, W3, Wy, ws) = UTa(WIfy, fo, f3, far f5] + D)
Training:

J=max(0,1+S~ —S%) e.g., update the model until S* > 1 + 5~

Where

ST = Score(wy, w,, W, Wy, We)

S~ = Score(Wy, Wy, W™, Wy, We)
And T U
< Wy, Wy, W3, W, Ws > is a valid 5-gram from text corpus
< Wi, Wo, W™, Wy, Ws > IS @ "negative sample” constructed 0000 0000

by replacing the word w3 with a random word w™ W

e.g. a negative example: “cat chills Xamat”  fSggeloeooe 2000 0000 0000

T T 1

Collobert, Weston, Bottou, Karlen,

Word embedding  cat chills on a mat
Kavukcuoglu, Kuksa, “Natural Language
Processing (Almost) from Scratch,” JMLR
20N [and Mikolov, Yih, Zweig, NAACL 2013; Mikolov et al., ICLR 2013; etc ]
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Word embedding: rethinking

« Word embedding is a neat and effective representation:

< # words \

,T word embeddin
\’
wil,w2, w Wy

= However, for large scale NL tasks a decomposable, robust representation is preferable

Vocabulary of real-world big data tasks could be huge (scalability)

>100M unique words in a modern commercial search engine log, and keeps growing

New words, misspellings, and word fragments frequently occur (generalizability)

SEET 2014 Spoken Languoge Technolomop
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Build semantic embedding on top of sub-word units

Learn semantic embedding on top of sub-word units (SWU)

« Decompose any word into sub-word units
« Scale the capacity to handle almost unbounded variability (word)
based on bounded variability (sub-word)

embedding vector W-UxVv embedding vector
dim=500 ﬂ dim=500 SWU embedding
word embedding Cj matrix: 500 X 50K
<:j matrix: 500 x 100M
SWU encoding
<j matrix
dim = 100M dim = 100M
1-hot word vector 1-hot word vector \

. Could t t ly |
Huang, He, Gao, Deng, Acero, Heck, “Learning deep structured Ould go up 1o extremely large

semantic models for web search using clickthrough data,” CIKM, 2013
& ‘—.* 2014 Spoken Languoge TechnoloWMop
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Sub-word unit

« Letters, context-dept letters, positioned-phones, context-
dept phones, positioned-roots/morphs, context-dept
morphs

« Multi-hashing approach to word input representation

Or random projection (random basis)

R

o . s - . = s
- . 2014:Spoken Language Technology Workshop
December 7-10, 2014 "Scuth Lake Tahoe, Nevada, USA : g

’

Microsoft Research e ,
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Sub-word unit encoding

. 5/@1 letter-trigram based 0
ord HaShlﬂg of “cat” : The index of word cat
e -> #cat# x (cat) = 1 < inthe vocabulary
o Tri-letters: #-c-a, c-a-t, a-t-#. O
« Compact representation
- |Voc| (500K) - |Letter-trigram| (30K) 01
) 1 Indices of #-c-a, c-a-t, a-t-# in the
¢ Geﬂerahze tO unseen | letter-tri-gram list, respectively.
f(cat) =|1
words ;
1
* Robust to misspelling, o
mﬂeCthﬂ, etc. Vocabulary | Unique letter-tg| Number of
size observed in voc Collisions
What if different words have the same word 40K 10306 2 (0.005%)
hashing vector (collision)? 500K 30621 22 (0.004%)

.. 2014 Spoken Language Technology Workehop

December 7-10, 2014 » South Loe Tahoe, Nevada, USA

Microsoft Research o —— ,
] HIEEE -



From sub-word unit embedding vectors to word
VECTOrsS

SWU uses context-dependent letter, e.g., letter-trigram.

Learn one vector per letter-trigram (LTG), the encoding matrix is a fixed matrix
» Use the count of each LTG in the word for encoding

ﬁxample: cat — #cat# — #-c-a, c-a-t, a-t- \
(w/ word boundary mark #)
Uy

Letter-trigram embedding

K
matrix v(cat) = z(““‘t”‘ .I)

M
Count of LTG(k) T

in the word “cat” u:The vector of LTG(k)/

#-cca .. c-a-t.a-t-#
\ < # total letter-trigrams —

Two words has the same LTG:
collision rate = 0.004%

———— ==
2014:Spoken Language Technology Workshop
December 7-10, 2014 5 South Lake Tahoe, Nevada, USA ey
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Other representation: random projection

* Sparse random _ A TUAR T Tt
orojection matrix R with SR W T S
entries sampled i.i.d.
from a distributionover . =
* Entries of Tand -1 are
equally probable

where d is the orig‘/naal
input dimensionality.

S L S e R R
1000 2000 3000 4000 5000 BOOD 7000 8OO0 9000 10000

Each word will have a set of sparse random
encoding of the 10000 basic units

[Li, Hastie, and Church 2006]

. 2014:Spoken Language Technology Workehoy
December 7-10, 2 '
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Semantic embedding: from words to
sentences

The semantic intent is better defined at the phrase/sentence
level rather than at the word level
The meaning of a single word is often ambiguous

A phrase/sentence/document contains rich contextual information
that could be leveraged

- e

: 26148pokeﬁ Language Teg:hno]dgy W (_)l";;: op
December 7-10, 2 _" 7%

, 2014 * South Lake Tahoe, Nevada, USA
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Deep learning for semantic embedding

? However

« the semantic meaning of texts —

Abstract representation [ IDEMBEE D -
mbtsh;ager;eapr:teizesnpscfn to be learned — is latent
w
/ | * no clear target for the model to
learn
. Ws * How to do back-propagation /
each non-linear layer gradually o
extracts deeper invariance t training:
W2
rortunately |
w, 4 « we usually know if two texts are
Raw text, &9, 2 similar”or not

sequence of words  That's the signal for semantic

a man is reading the new york times : :
representation learning.

R

2014 Spoken Languoge Technology ™V orop
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Semantic Hashing saakhutcinoy & Hinton 2007, 2010

1) Single layer learning: Restricted Boltzmann Machine (RBM)
2) Multi-layer training: deep auto-encoder, learn internal representations

Model is trained to minimize the reconstruction error Document
re-construction error

Step1: get initial weights Step2: auto-encoder (to be minimized in training)
from RBM | Z0K |
q w.T
1
B S [ 50 ]
W,
| 250 | unrolling | 500 |

| 500 | /| 300 |

| b | Embedding N
i | | of the document | > |

e i Wi
IR S | 40K |

Document
: 2014 Spoken Language Technology ™V orop

ecemb 7-10, 2014 ¢ South Lake Tahoe, Nevada, USA

Microsoft Research ,
O & IEEE =.



Auto-encoder: rethinking

» The objective of the auto-encoder?

« What is the relation between minimizing re-construction error and
learning a good embedding?

« What is a good embedding?

« General embedding or useful embedding for tasks?

« Optimizing embedding directly instead of minimizing the doc re-
construction error

« Learning the model with end-to-end user behavior log data (weak
supervision) beside documents

ST 2014 Spoke Langucge Technolog orop
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Deep Structured Semantic Model
Deep Structured Semantic Model/Deep Semantic Similarity Model (DSSM)

the DSSM learns phrase/sentence level semantic vector representation, e.g., query, document

The DSSM is built upon sub-word units for scalability and generalizability

e.q., letter-trigram, phones, roots/morphs

The DSSM is trained by an similarity-driven objective
projecting semantically similar phrases to vectors close to each other
projecting semantically different phrases to vectors far apart

The DSSM is trained using various signals, with or without human labeling effort

semantically-similar text pairs

e.g., user behavior log data, contextual text Huang, He, Gao, Deng, Acero, Heck, CIKM2013]

[

[Shen, He, Gao, Deng, Mesnil, WWW2014]

[Gao, He, Yih, Deng, ACL2014]

[Yih, He, Meek, ACL2014]

[Song, He, Gao, Deng, Shen, MSR-TR 2014]

[Gao, Pantel, Gamon, He, Deng, Shen, EMNLP2014]
[Shen, He, Gao, Deng, Mesnil, CIKM2014]

[He, Gao, Deng, ICASSPZOM]

, 2014 Spoken Langucge Technology ™V orop
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DSSM for semantic embedding Learning

Initialization:
Huang, He, Gao, Deng, Acero, Heck, “Learning

deep structured semantic models for web
search using clickthrough data,” CIKM, 2013

Semantic vector s Us —% Uyt %

Neural networks are initialized with random weights

WS,3 t Wl',3 t
Letter-trigram @ d=500 d=500
embedding matrix — S W t W, , t

2
Letter-trigram encoding dim = 50K dim = 50K

matrix (fixed) — W,, t Wi 4 t

Bag-of-words vector dim = 100M dim = 100M

Input word/phrase s: "racing car” t*: “formula one”

2014 Spoken Language Technology Workthop

December 7-10, 201;1 'LSou?h Lake Tahoe, Nevada, USA
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DSSM for semantic embedding learning

Training:
Compute Cosine similarity between semantic vectors =~
Compute exp(cos(Vs,Ve+))

. oW
gradients  X,_g+ - exp(cos(vs, vt/))/

Semantic vector s Us —%

BN -

Letter-trigram
embedding matrix

Letter-trigram encoding
matrix (fixed)

Bag-of-words vector dim = 100M

Input word/phrase s: "racing car”

2014 Spoken Language Technology Workdhop

December 7-10, 201;1 'LSouth Lake Tahoe, Nevada, USA
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DSSM for semantic embedding learning

Runtime:

@similar
Semantic vector s Us o Vi1 ¥

%
W 4 t Wia
%
1% t W,

5,3 )3
Letter-trigram @ d=500 d=500
embedding matrix — W, t W, ,
Letter-trigram encoding dim = 50K dim = 50K
matrix (fixed) — W, t W,, 1

Bag-of-words vector dim = 100M dim = 100M

Input word/phrase s: "racing car” t1: "formula one”

| o 2014:Spoken Language Technology Workehop

’ December 7-10, 201;1 'LSou?h Lake Tahoe, Nevada, USA
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Training of the DSSM

Data: semantically-similar text pairs
e.g., context <-> word in word embedding vector learning
query <-> clicked-doc in Web Search
pattern<-> predicate in Question Answering
Objective: cosine similarity based loss

« Web search as an example: a query q and a list of docs b = {d*,dy, ...dx}
- d* positive doc; d7, ...dg are negative docs to q (e.g., sampled from not clicked docs)

« Objective: the posterior probability of clicked document given query

exp (y cos(q,d ™))

P(d*lq) = Y 1ep exp(y cos(q, d))

« Optimize 0 to maximize P(d*|q). SGD training on GPU (NVidia K20x)

- R

: 2014 Spoken Language Technology orop
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Reflection: from DNN to DSSM

« Common deep neural network models:

- Mainly for classification (speech reco, image reco, SLU, LM)
« Target: one-hot vector

° Example of DNN: F Dist=Xentropy one-hot target
w, 4

-~ 2014poken Language Technology WorkShof
December 7-10, 2 '

, 2014 * South Lake Tahoe, Nevada, USA : g
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Reflection: from DNN to DSSM
DSSM

- For semantic matching / ranking (not classification with DNN)
- Step 1: target from “one-hot” to continuous-valued vectors

“vector”-valued “target”

k Dist#Xentropy

W,
t

2 )

1

Text string s

SEET 2014 Spoken Languoge TechnoloWMop
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Reflection: frorm DNN to DSSM
« Jo construct a DSSM

- Step 1: target from “one-hot”
to continuous-valued vectors

' g " “vector”-valued “target”
« Step 2: derive the “target” vector vector”-valued "targe

using a deep net $
% Distance(s,t)
Semantic representation> | O@@OO O « 1000 90090
W, t W, t
N | w; f
S | w, 4
_
S | S |

Input t1

Text string s Text string t

R
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Reflection: from DNN to DSSM

« o construct a DSSM

- Step 1: target from “one-hot”
to a continuous-valued vector
« Step 2: derive the “"target” vector

using a deep net Dlstance(st1
« Step 3: normalize two “semantic”
vectors & computer their similarity %

From classification to
semantic matching

Input t1
Text string s Text string t

SEET 2014 Spoken Languoge TechnoloWMop
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Reflection: from Auto-encoder to DSSM

Auto-encoder Training loss func.: DSSM
AE: reconstruction error
Input sentence of the input cosine
DSSM: distance between similarity

re -construction error beddi ;
embedding vectors )
g embedding

Training data: vector
AE: unsupervised T T ?

(e.g., doc<->doc)
DSSM: weakly supervised

bedd )@ (e.g., query<->doc search log) W
embedding -3

Input:
AE: 1-hot word vector
DSSM: sub-word unit

(e, letter-trigrarm

source sentence target sentence

vector

q_
—

Input sentence

The DSSM can be trained using a variety of weak supervision signals
without human labeling effort (e.g., user behavior log data).

e

2014 Spoken Languoge Technology orop
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Further extension: Convolutional DSSM

Posterior probability
computed by softmax PD;|0) P(D;|0)

Relevance measured
by cosine similarity

Semantic layer v
Max pooling layer v
Convolutional layer /i,

Word hashing layer  f; |

Word sequence Xy | WiWo .. W, | | Wi W . W, | | Wi W o W, |

Word sequence input: capture the sequential structure in the text (in stead of using bag-of-words)

Convolutional and Max-pooling layer: identify key words/concepts in Q and D

Shen, He, Gao, Deng, Mesnil, "A latent semantic model
with convolutional-pooling structure for IR, CIKM 2014

SEET 2014:Spoken Langucge Techno|og"y"WMop
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Example: semantic intent representation

auto body repair calculator

e NG NN
I 0 I T e

<s> auto bod; Calculator software <s> Sliding Window input:
' n-gram phrase (n = 3)

Query as a word sequence
rather than “"bag of words”

m ~— Letter-trigram representation

W. : W.
1 Con\{olutlon 1 Convolutional Layer h: generate

Ilm / word-within-context embedding

Max Pooling Layer v: identify
key words in a query

Semantic Layer y

SoET 2014 Spoken Language Technology ™V orop

Dec b7102014$thkTh , Nevada, USA

=
4 Stpral Bggessing Socely

B Microsoft Research



— What does the model learn at the
convolutional layer?

Capture the local context dependent word sense

* Learn one embedding vector for each local context-
dependent word

Wi Convolution

I l m matrix
/

The embedding vector
of "auto body repair”

semantic space

auto body repair
car body shoplcar body kits
auto body part

The similarity between different “body” within contexts

similarit

0.698 similarity

J

wave body language 0.578 -
calculate body fat auto body parts 0.555 -
forcefield body armouy 0.301

calculate body fat 0.220 —

forcefield body armour 0.165 ] I?W, .
similarity

R
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CDSSM: What happens at the max- N
pooling layer?

« Aggregate local topics to form the global
(ntent

(D) = the (1)}
» |dentify salient words/phrase at the max- - T i Al
pooling layer

Words that win the most active neurons at the max-
pooling layers:

[ [ autd[bodjf repaid cost[ caIcuIatoyL software ]

Usually, those are salient words containing clear intents/topics

el

: 2014 Spoken Language Technology orop

Microsoft Research : VD b 7]70720]4 South Lake Tahoe, N’ ada, USA
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NLP applications that the DSSM applies

Web search search query web documents

Ad selection search query ad keywords

Entity ranking mention (highlighted) entities

Recommendation doc (n reading (nteresting things / other docs
Machine translation sentence (n language a translations in language b
Knowledge-base construction entity entity

Question answering pattern / mention relation / entity

Semantic reasoning context word

Text/Image retrieval text Image

o . 2014 Spoken Language TechﬁoloMp

T emb 7102014 SouihilaRaaans

H
B Microsoft Research




DSSM for Information Retrieval

« Training Dataset
30 Million (Query, Document) Click Pairs

« Testing Dataset
12,071 English queries
around 65 web document associated to each query in average
Human gives each <query, doc> pair the label, with range 0 to 4
0: Bad 1: Fair 2: Good 3: Perfect 4: Excellent

. . . 30/0 Query
« Evaluation Metric: (higher the better) 25% m Doc Title
NDCG 20% —

15% +H— — —
+ GPU (Cuda NVidia GPU K20x) 0%
5%
0%

Dist. of query and doc title length

SEET 2014 Spoken Language Technology ™V orop
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Main Experiment Results

ULM : Zhai and Lafferty 2001
NDCG@1 Results

35
34.5
34
33.5
33
32.5
32
31.5

31
Lexical Matching Models

30.5 ,—\
N N
BM25  ULM
ENDCG@1 305  30.4

R

December 7-10, 2014 » South Lake Tahoe, Nevada, USA
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Main Experiment Results

PLSA: Hofmann 1999
NDCG@1 Results

35
34.5
34
33.5
33
32.5
32
31.5

31 _ _ Topic Models
Lexical Matching Models

30.5 ,—\
) 1 B
BM25 ULM PLSA
B NDCG@1 30.5 30.4 30.5

R

December 7-10, 2014 » South Lake Tahoe, Nevada, USA
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Main Experiment Results

WTM: Gao et al. 2010

NDCG@1 Results BLTM: Gao et al. 2011

35
34.5
34
33.5
33
32.5 Click-Through based
, Translation Models
32 Topic Models
31.5
31 _
Lexical Matching Models
M m B I I
30 L L
BM25 ULM PLSA BLTM WTM
H NDCG@1 30.5 304 30.5 31.6 31.5
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Main Experiment Results

DSSM: Huang et al. 2013
NDCG@1 Results

35
345
34
33.5
Deep Semantic Model
33
32.5 Click-Through based
, Translation Models
32 Topic Models
31.5
31 .
Lexical Matching Models
S o m B I I
30 — —
BM25 ULM PLSA BLTM WTM DSSM
H NDCG@1 30.5 30.4 30.5 31.6 31.5 32.7
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Main Experiment Results

CDSSM: Shen et al. 2014
NDCG@1 Results

2 Convolutional Deep
34.5 Semantic Model
34
33.5
Deep Semantic Model
33
32.5 Click-Through based
, Translation Models
32 Topic Models
31.5
31
Lexical Matching Models
Ll m B I I
30 L L _—
BM25 ULM PLSA BLTM WTM DSSM CDSSM
B NDCG@1 30.5 30.4 30.5 31.6 31.5 32.7 34.8
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Fxample: semantic matching

 Semantic matching of query and document

[ \autdtbodj{repaig cost[calculatoyL software ]
\

~
~

-
ST =

_________

___________
~ ~
~ ~
~ ~o
S ~
N, \\

] X
( | 264 \ 170 [ 294 } [ 209 } [ 132 J[ 231 J [ 224 }[ 186 J ) Most active neurons at
- 7 the max-pooling layers of
( 264 170 [ 294 } { 209 } [ 132 M 231 J [ 224 }[ 186 } ) :lhe?[sqllfeesrgeacr’:i(\j/ec:jcument
\ 14 /4 Y !

[ free onIine{carj‘body]shop[ repairTestim'ates ]]

R

; zméiLangque T?“"“,'QW&"
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More complex semantic matching example

sarcoidosis is a disease, a symptom is excessive amount of calcium in one's urine and blood. So medicines
that increase the absorbing of calcium should be avoid. While Vitamin d is closely associated to calcium

absorbing.
We observed that “sarcoidosis” in the document title and “absorbs” “excessive” and “vitamin (d)" in the query

have high activations at neurons 90, 66, 79, indicating that the model knows that “sarcoidosis” share similar
semantic meaning with “absorbs” “excessive” “vitamin (d)”, collectively.

[ what happens if our body absorbs excesswe]amount [vltamln][d ]

>

w SEE ) Most active neurons at
102 [ 35 ] 16 [ 94 .

/ ____ the max-pooling layers of
the query and document

(&
( - 5 - 3
[ e8] m [ o6 7 | E3'ED 3 23 nets, respectively

RN

-

[ [calcium]supplements and[vitamid d discussion stop[sarcoidosis] ]

R
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(GO beyond text st

DSSM for multi-modal representation @

learning
« Recall DSSM for text inputs: s, t7, t2, t3, ...

« Now: replace text s by image s 1
«  Using DNN/CNN features of image 3 e
« (Can rank/generate text’s given image or can
rank images given text.
ges g w, w, 1
Mot
© Fulyconnected w, ¥ v,
. )
~ Fullyconnected . .
— Image features s Text: a parrot rides a tricycle

Raw Image pixels

- e —— ;
201.4-Spoken Language Technology Workshop
December 7-10, 2014 5 South Lake Tahoe, Nevada, USA ey
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Fvaluation: large scale image search

Training: 15M image/query pairs
Testing: 100K image/query pairs

Task: text query -> relevant image

DCGY%

Linear (e.g., DeVISE) 50.1%
Deep (img-txt DSSM) 53.9%

=

g . = 3 ey
... 2014 :Spoken Longuage Technology WorkSiop
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From captions to visual concepts and back

Deep Neural Net

Detector Models, ‘
Features

Ilght
Computer

— P — %-
g 3

Language

Model
a red stop sign sitting under a traffic light on a city street Captio.n
a stop sign at an intersection on a street Generation
: : : : a stop sign with two street signs on a pole on a sidewalk System
a stop sign at an intersection on a city street : : : :
a stop sign at an intersection on a city street
a stop sign
a red traffic light
DSSM ‘
Model Fang, Gupta, landola, Srivastava, Deng, Dollar,

Global Gao, He, Mitchell, Platt, Zitnick, Zweig, "From
Semantic captions to visual concepts and back,” on arXiv
Ranking ”

System ~ g 201 4.Spoken Language Technolog"‘Womop‘
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Fvaluation: How far are we from human?

Training: 400K image/caption pairs as training data
lesting: 20K images, 5 annotators providing 5 captions per image

Hold 1 human as the control system
The other 4 annotations are gold reference for BLEU testing

Entry BLEU % on 4-ref Equal to or better than
(higher the better) |human annotation *

Human (control)  19.3
Machine 21.1 23.3%

* The percentage that the judgers think the machine’s output is equal to or better
than the human'’s annotation.

http://blogs.technet.com/b/machinelearning/archive/2014/11/
18/rapid-progress-in-automatic-image-captioning.aspx

=
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http://blogs.technet.com/b/machinelearning/archive/2014/11/18/rapid-progress-in-automatic-image-captioning.aspx

next to a

next to a

H\ Machine- . .
g generated (but - group Of mOtorC Machine-generated (but a man h0|d|n9 a tenr“S

turker prefered) 1O & motorcyCIG turker prefered) racquet on a tennis court

two girls wearing | @ ces  the man is on the tennis court

Human-annotated  gkirts and one Of ' turker not prefered) play“.]g a game rated (but a clock tower in the middle of
(but turker not L ) the street
prefered) motorcycle while ... .

nearby

. Human-annotated putwrker | @ Statue with a clock on it
B Microsoft Research netpestersay near a parking lot



Other models for sentence-level representation

Long short-term memory RNN (LSTM-RNN)

Model long-span dependency (Hochreiter and Schmidhuber. Neural Computation, 1997)
LSTM for IR (Palangi, et al., “Learning sequential semantic representations,” to appear)
LSTM for MT (Sutskever, et al., “Sequence to sequence learning with neural networks,” NIPS14)

Recursive NN (ReNN)

Model the hierarchical structure of nature language

ReNN for parsing (Socher et al,, “Parsing natural scenes and natural language with recursive
neural networks”, 2011)

Tensor product representation (TPR)

Efficient representation of the structure of natural language

Smolensky & Legendre: The Harmonic Mind, From Neural Computation to Optimality-Theoretic
Grammar, MIT Press, 2006

- R
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Interim summary

Exciting advances in learning continuous semantic
space

« deep models effectively learn semantic representation vectors
 |eads to superior performance in a range of NL tasks

» facilitates cross-modality learning
learning image and text vectors in an joint semantic space
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Part IV

Natural Language Understanding



Natural Language Understanding

« Build an intelligent system that can interact with human
using natural language

 Research challenge
« Meaning representation of text
» Support useful inferential tasks
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.~ 2014:Spoken Language Technology Workshop
December 7-10, 2014 "Scuth Lake Tahoe, Nevada, USA : g

’

B Microsoft Research

=
4 Stpral Bggessing Socely



Natural Language Understanding

» Continuous Word Representations & Lexical Semantics
« Language is compositional
« Word is the basic semantic unit

» Knowledge Base Embedding
« Semantic Parsing & Question
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Continuous Word Representations

» A lot of popular methods for creating word vectors!
* Vector Space Model [Salton & McGill 83]
» Latent Semantic Analysis [Deerwester+ 90]
« Brown Clustering [Brown+ 92]
 Latent Dirichlet Allocation [Blei+ 01]

« Deep Neural Networks [Collobert & Weston 08]
« Word2Vec [Mikolov+ 13]

« Encode term co-occurrence information
« Measure semantic similarity well

- pr——
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Semantic embedding

Project raw text into a continuous semantic space
e.g., word embedding

Captures the Word meaning IN a semantic space 1o Rt AT
N Pt N e

02

f(cat) = a.k.a the 1-hot word embedding | .
word vector vector in the

/ , semantic space

The index of “cat” in
the vocabulary

Dim=100~1000

Dim=|V|=100K~100M

Deerwester, Dumais, Furnas, Landauer,
Harshman, "Indexing by latent
semantic analysis," JASIS 1990
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SENNA word embedding

Scoring:

Score(wy, Wo, W3, Wy, ws) = UTa(WIfy, fo, f3, far f5] + D)
Training:

J =max(0,1+ S~ —S%) Update the model until St > 1+ S~

Where

ST = Score(wy, w,, W, Wy, We)

S~ = Score(Wy, Wy, W™, Wy, We)
And
< Wi, Wy, W3, Wy, Ws > is a valid 5-gram
< Wi, Wo, W™, Wy, Ws > IS @ "negative sample” constructed V
by replacing the word w3 with a random word w™

e.g. a negative example: “cat chills X a mat” W
(eooeel0000
Collobert, Weston, Bottou, Karlen, / — (X I TN IIT)
Kavukcuoglu, Kuksa, “Natural Language . T T T T T
Processing (Almost) from Scratch’ JMLR ~ Word embedding  cat  chills  on a mat
2017
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RNN-LM base word embedding

Word Embedding

cat — > s(t) —>

-
ﬁ v chases
g

Mikolov, Yih, Zweig, “Linguistic
Regularities in Continuous Space
Word Representations,” NAACL
2013
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CBOW/Skip-gram Word Embeddings

INPUT PROJECTION OUTPUT INPUT PROJECTION OQUTPUT
w(t-2) w(t-2)
wit-1) wit-1)

SUM /
e w(t) w(t) —_—
wit+1) \ wit+1)
o
wit+2) w(t+2)
CBOW Skip-gram

Continuous Bag-of-Words

The CBOW architecture (a) on the left, and the Skip-gram architecture (b) on the right.
[Mikolov et al., 2013 ICLR].
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DSSM: learning words’ meaning

Learn a word’s semantic meaning by means of its neighbors

(context)
» Construct context <-> word training pair for DSSM
« Similar words with similar context => higher cosine similar

 Training Condition:
* 600K vocabulary size

« 1B words from Wikipedia o
 300-dimentional vector

d=500
You shall know a word by t
the company it keeps
(J. R. Firth 1957: 11) dim = 600K dim = 600K

s: "w(t-2) w(t-1) w(t+1) w(t+2)" t: "w(t)”

[Song, He, Gao, Deng, 2014]
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Relational Similarity (Word Analogy)

. Fx

Learning Word Similarity

$
frel(.» ‘)

Multi-Relational LSA

- BEIEPe—

Word Relation

king : queen = man : woman




Measuring Relational Similarity

 Determine whether two pairs of words have the same
relation (the "analogy” problem) [Bejar et al. ‘91]

« (silverware : fork) vs. (clothing : shirt) [singular collective]
* (coast : ocean) vs. (sidewalk : road) [contiguity]
* (psychology : mind) vs. (astronomy : stars) [knowledge]

« Why it's useful?

Butlding a general “relational simtlarity” model (s a more
efficient way to learn a model for any arbitrary relation
[Turney, 2008]



Unexpected Finding: Directional Similarity

« Word embedding taken from recurrent neural network
language model (RNN-LM) [Mikolov 2011]

queen

woman

King 0

Mman

 Relational similarity is derived by the cosine score



Experimental Results

« Semkval-2012 Task 2 — Relational Similarity
« Rank word pairs of 69 testing relations
- Evaluate model by its correlation to human judgments

04 -
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03 - Pl
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0.018 0.014
0 A 0 | [ | - |

Random BUAP Duluth_VO UTD_NB DS

ST 2014 Spoke Langucge Technolog orop

December 7-10, 20 uth Lake Tahoe, Nevada, USA

B Microsoft Research

=
4 Stpral Bggessing Socely



Similar Results Observed on Other Datasets

« MSR syntactic test set [Mikolov+ 2013]

e see : saw = return : returned
* better : best = rough : roughest

« Semantic-Syntactic word relationship [Mikolov+ 2013]
 Athens : Greece = Oslo : Norway
» brother : sister = grandson : granddaughter
« apparent : apparently = rapid : rapidly
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Evaluation on Word Analogy

The dataset contains 19,544 word analogy questions:
Semantic questions, e.qg.,: “Athens is to Greece as Berlin is to ?”
Syntactic questions, e.g.,: “dance is to dancing as fly is to ?”

Accuracy
Avg.(sem+syn)

61.0%
CBOW 300 1.6B 36.1%
vLBL 300 1.5B 60.0%
IVLBL 300 1.5B 64.0%
GloVe 300 1.6B 70.3%
DSSM 300 1B 71.9%

(ivLBL results are from (Mnih et al.,, 2013); skip-gram (SG) and CBOW results are from
(Mikolov et al., 2013a,b); GloVe are from (Pennington, Socher, and Manning, EMNLP2014)
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Discussion

Directional Similarity cannot handle symmetric relations
« good : bad = bad : good

Vector arithmetic = Similarity arithmetic
[Levy & Goldberg CoNLL-14]

Find the closest x to king — man + woman by

arg max(cos(x, king — man + woman)) =
X
arg max(cos(x, king) — cos(x, man) + cos(x, woman))
X

\ 4
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Lexical Semantics (Word Relations)

2. Ex

Learning Word Similarity

frel('» ')

Multi-Relational LSA

-z XU xm

Word Relation




Continuous Semantic Representations

car
[ )
cab
o °
wheel

emotion
()

_ [ ]
Joy

sad
(]

‘ .
feeling

B Microsoft Research
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Semantics Needs More Than Similarity

Tomorrow will
be rainy. _
Tomorrow will
be sunny.
Similar(gisunny)?

antonym(rainy, sunny)?

T .
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Leverage Linguistic Knowledge Bases

 Can't we just use the existing linguistic KBs?
- Knowledge in these resources is never complete
» Often lack of degree of relations

» Create a continuous semantic representation that
- Leverages existing rich linguistic knowledge bases
* Discovers new relations

 Enables us to measure the degree of multiple relations
(not just similarity)
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Roadmap

» Background:
Latent Semantic Analysis (LSA)

 Two opposite relations:
Polarity Inducing Latent Semantic Analysis (PILSA)

« More relations:
Multi-Relational Latent Semantic Analysis (MRLSA)

R

T -
.~ 2014:Spoken Language Technology Workshop
December 7-10, 2014 "Scuth Lake Tahoe, Nevada, USA : g

’

Microsoft Research e ,
] DIEEE =



Latent Semantic Analysis [Deerwester+ 1990]

« Data representation
« Encode single-relational data in a matrix
» Co-occurrence (e.g., from a general corpus)
« Synonyms (e.g., from a thesaurus)

« Factorization
« Apply SVD to the matrix to find latent components

» Measuring degree of relation
- Cosine of latent vectors

- R
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Encode Synonyms in Matrix

Input: Synonyms from a thesaurus

« Joyfulness: joy, gladden
« Sad: sorrow, sadden

Target word: row-vector rTerm: column-vector

I T

L]

Cosine Score
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Mapping to Latent Space via SVD

> / \
. k Xk k Xn

dXn d Xk

terms

N

SVD generalizes the original data

Uncovers relationships not explicit in the thesaurus
Term vectors projected to k-dim latent space

Word similarity: cosine of two column vectors in ZVT

P——
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Problem: Handling Two Opposite Relations
Synonyms & Antonyms

 LSA cannot distinguish antonyms [Landauer 2002

- “Distinguishing synonyms and antonyms is still

perceived as a difficult open problem.”
[Poon & Domingos 09]

» |dea: Change the data representation
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Polarity Inducing LSA [vih, Zweig & Platt 2012]

« Data representation
- Encode two opposite relations in a matrix using “polarity”
» Synonyms & antonyms (e.g., from a thesaurus)

« Factorization
« Apply SVD to the matrix to find latent components

» Measuring degree of relation
« Cosine of latent vectors
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Encode Synonyms & Antonyms in Matrix

» Joyfulness: joy, gladden
« Sad: sorrow, sadden

Target word: row-vector

—-m

Group 2: “sad” 0 0 1 1 0
Group 3: “affection” 0 0 0 0 1

,‘ 2014:Spo ke L g age Technol ogy W ﬂﬁ
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Encode Synonyms & Antonyms in Matrix

» Joyfulness: joy, gladden
« Sad: sorrow, sadden

Inducing polarity

Target word: row-vector ‘
[ oy | glagden /soriow | sagden

Group 1: “joyfulness” 1 1 -1 -1 0
Group 2: “sad” -1 -1 1 1 0
Group 3: “affection” 0 0 0 0 1
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Encode Synonyms & Antonyms in Matrix

» Joyfulness: joy, gladden
« Sad: sorrow, sadden

Inducing polarity

Target word: row-vector ‘
[ oy | glagden /soriow | sagden

Group 1: “joyfulness” 1 1 -1 -1 0
Group 2: “sad” -1 -1 1 1 0
Group 3: “affection” 0 0 0 0 1

L]

Cosine Score: + Synonyms
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Encode Synonyms & Antonyms in Matrix

» Joyfulness: joy, gladden
« Sad: sorrow, sadden

Inducing polarity

Target word: row-vector ‘
[ oy | glagden /soriow | sagden

Group 1: “joyfulness” 1 1 -1 -1 0
Group 2: “sad” -1 -1 1 1 0
Group 3: “affection” 0 0 0 0 1
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Results — GRE Antonym Test

» Task: GRE closest-opposite questions

« Which is the closest opposite of adulterate?
(a) renounce (b) forbid (c) purify (d) criticize (e) correct

0.8
0.75

0.74

-
\l

0.64

0.65

Accuracy

O
o))}
|

0.56

Mohammad et al. 08 Lookup PILSA

0.55 -
0.5 -
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Problem: How to Handle More Relations?

« Limitation of the matrix representation

 Each entry captures a particular type of relation between two
entities, or

« Two opposite relations with the polarity trick

 Encoding other binary relations
» Is-A (hyponym) - ostrich bird

» Part-whole — engine 1s a car
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Problem: How to Handle More Relations?

« Limitation of the matrix representation

 Each entry captures a particular type of relation between two
entities, or

« Two opposite relations with the polarity trick

 Encoding other binary relations
» Is-A (hyponym) - ostrich bird

» Part-whole — engine 1s a car

» |dea: Encode multiple relations in a 3-way tensor (3-dim
array)!
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Multi-Relational LSA [Chang, Yih & Meek 2013]

« Data representation
- Encode multiple relations in a tensor

« Synonyms, antonyms, hyponyms (is-a), ...
(e.g., from a linguistic knowledge base)

e Factorization

« Apply tensor decomposition to the tensor to find latent
components

« Measuring degree of relation
» Cosine of latent vectors after projection
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Encode Multiple Relations in Tensor

» Represent word relations using a tensor
» Each slice encodes a relation between terms and target words.

% Q

& 0\?66@%@66@; Q}\(\q & éz?b @@bbi@é}\@
joyfuness| 1 [ 1[0 | O joyfuiness | 0 | 0 (0 | O
gadden| 1 1110l o0 gladden| 0 f0 [ 1|0
sad| 0 |0 | 1|0 sad| 1 | 0| 0| O
anger | 0 |0 | 0|0 anger | 0 | 0| 0 | O

Svnanvm | Antonym layer
/ 83/nstar\ﬁct a tensor with two slices
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Encode Multiple Relations in Tensor

 Can encode multiple relations in the tensor

F & O
y O O £
i Y @Q’b \Q)@\
11,00 _
I joyfulness | 0 | 0 | O | 1
11,00
| gladden| 0 | 0 | 0 | O
O 0|10
i sad| 0 | 0| O |1
O 0|00
| [ [ [ anger | 0 0| O 1

Hyponym layer
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Tensor Decomposition — Analogy to SVD

» Derive a low-rank approximation to generalize the data
and to discover unseen relations

« Apply Tucker decomposition and reformulate the results

t, ty, o, by

I_A_\ A
- t1,to e, ty
|
: L{ | 1
~ =T % X &{ I
s
latent representation of words
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Tensor Decomposition — Analogy to SVD

» Derive a low-rank approximation to generalize the data
and to discover unseen relations

« Apply Tucker decomposition and reformulate the results

latent representation of a relation

latent representation of words
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Experiment: Data for Building MRLSA Model

» Encarta Thesaurus
« Record synonyms and antonyms of target words

- Vocabulary of 50k terms and 47k target words

« WordNet
« Has synonym, antonym, hyponym, hypernym relations
- Vocabulary of 149k terms and 117k target words

» Goals:
« MRLSA generalizes LSA to model multiple relations
* Improve performance by combing heterogeneous data
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Example Antonyms Output by MRLSA

Target High Score Words

iInanimate alive, living, bodily, in-the-flesh, incarnate
alleviate  exacerbate, make-worse, in-flame, amplify, stir-up
relish detest, abhor, abominate, despise, loathe

* Words in blue are antonyms listed in the Encarta thesaurus.
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Results — GRE Antonym Test

» Task: GRE closest-opposite questions

« Which is the closest opposite of adulterate?
(a) renounce (b) forbid (c¢) purify (d) criticize (e) correct

0.8 0.77
0.74 -
>
S 07
5 0.64
&)
@)
< 006 j 0.56
Mohammad et al. 08 Lookup PILSA MRLSA
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Example Hyponyms Output by MRLSA

Target High Score Words

bird ostrich, gamecock, nighthawk, amazon, parrot
automobile minivan, wagon, taxi, minicab, gypsy cab

vegetable  buttercrunch, yellow turnip, romaine, chipotle,
chilli
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Results — Relational Similarity (Semgval-2012)

» Task: Class-Inclusion Relation (Y is-a kind of X)

« Most/least 1llustrative word pairs
(a) art:abstract (b) song:opera (c) footwear:boot (d) hair:brown

0.6
0.55

0.56

O
U

0.45

o
N

Accuracy

0.37

0.35 0.34
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Natural Language Understanding

 Continuous Word Representations & Lexical Semantics
 Knowledge Base Embedding
« Semantic Parsing & Question Answering
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Knowledge Base

» Captures world knowledge by storing properties of millions of
entities, as well as relations among them

Lovem
m

- - AT
A . | Freebase
‘Barack Obama o 5O DBpedia
child-of | child-of < YAGO
| T NELL
oo spouse-or (D

OpenlE/ReVerb
chilc% : Ai—of

political-party
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KB Applications in NLP & IR

 Question Answering
“What are the names of Obama s daughters?”

« Information Extraction
« “Hathaway was born in Brooklyn, New York. ”

« Web Search
- Ildentify entities and relationships in queries
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Reasoning with Knowledge Base

» Knowledge base is never complete!
» Extract previously unknown facts from new corpora
» Predict new facts via inference

» Modeling multi-relational data
- Statistical relational learning [Getoor & Taskar, 2007]
 Path ranking methods (e.g., random walk) [e.g., Lao+ 2011]
- Knowledge base embedding
* Very efficient
- Better prediction accuracy
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Knowledge Base Embedding

» Each entity in a KB is represented by an R% vector
Predict whether (eq, 7, e;) is true by f,(ve,, Ve, )

 Recent work on KB embedding
» Tensor decomposition
« RESCAL [Nickel+, ICML-11], TRESCAL [Chang+, EMNLP-14]

« Neural networks

« SME [Bordes+, AISTATS-12], NTN [Socher+, NIPS-13],
TransE [Bordes+, NIPS-13]
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Knowledge Base Representation (1/2)

» Collection of subj-pred-obj triples — (eq, 1, €5)

&

Subject Predicate = Object «;\'}ﬁ

Obama Born-in Hawalii g» Xi
Bill Gates Nationality USA QJ: X

Bill Spouse-of  Hillary S

Clinton Clinton L

Satya Work-at ~ Microsoft ~ | 7

Nadella €1 En
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Knowledge Base Representation (2/2)

Y
4\"f
Xk
o X k-th slice Xk Hawaii
e \ -
: Obama | = :L_1__. _______________
A zero entry means either: o
* Incorrect (false) !
» Unknown |

R, : born-in

R
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Tensor Decomposition Objective

: . 1 1
» Objective: 5(2”?@ - A:RRATII%> + i(IIAII% + ZRIIRRII%)
\ k J \ J
ReconstrucY:tion Error ReguIaYrization
AT
k-th relation RESCAL [Nickel+, ICML-11]
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Measure the Degree of a Relationship

fborn—in (Obama, Hawaii)

— AObama Rborn—in AHawau

A Hawall
Rborn—in r
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Typed Tensor Decomposition — TRESCAL
[Chang+ EMNLP-14]

» Relational domain knowledge

» Type information and constraints
» Only legitimate entities are included in the loss

» Benefits of leveraging type information
» Faster model training time
- Highly scalable to large KB
 Higher prediction accuracy
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Typed Tensor Decomposition Objective

. 1
« Reconstruction error: EZIIXR—ARRATII%
k

locations
Xk ﬁ A

Ry AT
| - x x I
people Relation: born-in
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Typed Tensor Decomposition Objective

: 1
« Reconstruction error: EZIIXIL—ARZRRALII,i
k
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Training Procedure —
Alternating Least-Squares (ALS) Methoo

FIX R;, update A

Fix A, update R,

B Microsoft Research



Training Procedure —
Alternating Least-Squares (ALS) Methoo

1-1

A« z XpAp Ry + x,;TAkljek z By + Cy, + I

where By = Ry Ay Ay, RT Cr, = R Ay, ARy

vec(R;)
-1
— (Ak,Ap,®AL Ay, + A1) ~ x vec(Ay, XAy, )
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Complexity Analysis

» Without Type information (RESCAL): O(nr? + pr)
* n. # entities
* p. # non-zero entries
- r: # dimensions of projected entity vectors

» With Type information (TRESCAL): O(nir? + pr)
* . average # entities satisfying the type constraint
n/n = 0.06

- e
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Experiments — KB Completion

« KB — Never Ending Language Learning (NELL)
* Training: version 165
 Developing: new facts between v.166 and v.533
» Testing: new facts between v.534 and v.745

» Data statistics of the training set

# Entities 753k
# Relation Types 229
# Entity Types 300
# Entity-Relation Triples 1.8M
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Tasks & Baselines

» Entity Retrieval: (e, 1%,7)
« One positive entity with 100 negative entities
+ Relation Retrieval: (e;,?, ¢;)
» Positive entity pairs with equal number of negative pairs

« Baselines:
Xk A rk
Rk AT ,
]
RESCAL TransE
[Nickel+, ICML-11] [Bordes+, NIPS-13]
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Training Time Reduction

Model Training Time (hours)

A@d-
TRESCAL - 4.46 XSP P

0 5 10 15 20 25

 Both models finish training in 10 iterations.
« TRESCAL filters 96% entity triples with incompatible types.
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Training Time Reduction

Model Training Time (hours)

21.5 d-
TRESCAL I4.46 X Speet-up

0 10 20 30 40 50 60 70 80 90 100

« # iterations for Transk is set to 500 (the default value).

R
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Entity Retrieval (e, 1%, ?

Mean Average Precision (MAP)

72.0%

70.0% 69.26%
£8.0% 67.56%

66.0%

64.0%

62.91%

62.0%

60.0%

58.0%

Transk RESCAL TRESCAL
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Relation Retrieval (ei, 7, ej)

Mean Average Precision (MAP)

78.0%

76.0% 75.70%

74.0%

73.08%

72.0%

70.71%

70.0%

Transk RESCAL TRESCAL

68.0%
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-mbedding Relationships using Neural
Networks

Sr(a,b)

a=gWxq) / '\b = g(Wxp)
/[00.0] /[.00.\
\ "

900000000 ) 00000000
Xa Xb
Nicole Kidman person/language English
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Relation Operators

Relation Scoring Function # Parameters
representation S.-(a,b)

Vector (TransE) lla —b + V|1 O(n, X k)
(Bordes+ 2013)

Matrix (Bilinear) a'M,.b 0(n,Xx k?)
(CB:IIrgsz:té(L)wéston 2008) w'f(Myia + Myb)

Tensor (NTN) ul'f(a'T,b+ M,1a + M,,b) O(n, X k% x d)
(Socher+ 2013)

Diagonal Matrix aldiag(M,)b O(n, X k)
(RelDot) (Yang+ 2014)
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-mpirical Comparisons of NN-based KB
-mbedding Methods [Yang+ NIPS-LS-2014

« Models with fewer parameters tend to perform better.

» The bilinear operator (a’ M,-b) plays an important role in
capturing entity interact.

« With the same model complexity, multiplicative operations
are superior to additive operations in modeling relations.

« Initializing entity vectors with pre-trained phrase vectors
can significantly boost performance.
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Natural Language Understanding

 Continuous Word Representations & Lexical Semantics
» Knowledge Base Embedding
 Semantic Parsing & Question Answering
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semantic parsing

Ax. sister—of(justin—bieber, x)

%myn Bieber }

------------------------------------------------------------

mference

query

sibling—of(justin—bieber, jazmyn—bieber) | | knowledge |

gender(jazmyn—bieber, female) Base
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Key Challenge — Language Mismatch

» Lots of ways to ask the same question
o “What was the date that Minnesota became a state?”
« “Minnesota became a state on?”
o “When was the state Minnesota created?”
« “Minnesota's date it entered the union?”
o “When was Minnesota established as a state?”
o “What day did Minnesota officially become a state?”

« Need to map them to the predicate defined in KB
- location.dated location.date founded

- e
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Recent Work

« Most approaches rely on lexical matching

 Paraphrase [Berant&dLiang, ACL-2014]
qguestion — canonical question - Logical form

« CCG as intermediate representation [Reddy+, TACL 2014]

» Continuous-space methods
« Subgraph embeddings [Bordes+, EMNLP-2014]
« Compositional entity/relation matching [Yih+, ACL-2014]
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Single-Relation Semantic Parsing [vin+, ACL-14]

« Most common questions in the search query logs
« “How old is Kirk Douglas, the actor?”

« “What county is St. Elizabeth MO in?”
o “What year was the 8 track invented?”
o “Who owns the Texas Rangers?”

 Foundation for answering complicated questions
« “Name a director of movies starred by Tom Hanks.”

- e
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Key |deas & Related Work

« Simple Context-Free Grammar

 Separate a question into a relation pattern and an entity
mention

« Match pattern/mention and KB relation/entity using
convolutional neural networks

» Inspired by Paralex [Fader et al. 2013]
« 35M question paraphrase pairs from WikiAnswers
- Learn weighted lexical matching rules
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Task & Problem Definition

Input
« A KB as a collection of triples (r, e, e;)

» A single-relation question, describing a relation and
one of its entity arguments

“When were DVD players invented?”

Qutput
 An entity that has the relation with the given entity

R
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High-level Approach: Semantic Parsing

Q =“When were DVD players invented?”

Q—->PAM
P — when were X invented
M — DVD players
when were X invented — be—invent—in,
DVD players — dvd—player

Ax.be—invent—in(dvd—player, x)

- pr——
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Procedure: Enumerate All Hypotheses
Q = “When were DVD players invented?”

P - when X players invented
M — were DVD

- e
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Procedure: Enumerate All Hypotheses

Q = “When were DVD players invented?”

P - when were X invented
M — DVD players

Prob(be—invent—in,|when were X invented) = 0.5
Prob(dvd—player|DVD players) = 0.7

Prob(Ax.be—invent—in(dvd—player, x)|Q) = 0.35

) ‘/'\.

g
Semantic Matching via o 0
 Deep Semantic Similarity Model !] = " .

/ \
/ \

/ \
/ \
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Convolutional Deep Structured Semantic Model

Semantic layer: y 500

Semantic projection matrix: Wi

Max pooling layer: v 500

Max pooling operation max max max “.‘
>_ /// \\\

000000

Convolutional layer: h; 500 500 500

Convolution matrix: W,

Word hashing layer: f; 15K 15K 15K 15K 15K

Word hashing matrix: W T T T T T

Word sequence: x; <s> W W, Wy <s>

e
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Experiments: Data

Knowledge base: ReVerb [Fader et al,, 2011

Relation Entity Argument #1 Entity Argument #2
be-official-language chinese-and-english  hong-kong
be-second-largest-city-in arequipa peru
be-tallest-mountain-in ararat armenia
have-population-of city-of-vancouver 587,891

provide microsoft office-software
use-for laser lasik

=
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Experiments: Data

Paralex dataset [Fader et al., 2013]

 1.8M (question, single-relation queries)

When were DVD players invented?
Ax.be—invent—in(dvd—player, x)

« 1.2M (relation pattern, relation)

When were X invented?
be—invent—in,

« 160k (mention, entity)

Saint Patrick day
st—patrick—day

- e

> o - - = o
.~ 2014:Spoken Language Technology Workshop
December 7-10, 2014 "Scuth Lake Tahoe, Nevada, USA : g

’

Microsoft Research e ,
] DIEEE =



Experiments: Task — Question Answering

« Same test questions in the Paralex dataset
* 698 guestions from 37/ clusters

« What language do people in Hong Kong use?
be—speak—in(english, hong—kong)
be—predominant—language—in(cantonese, hong—kong)

« Where do you find Mt Ararat?

be—highest—mountain—in(ararat, turkey)
be—mountain—in(ararat, armenia)

- R

e - - . = s
- . 2014:Spoken Language Technology Workshop
December 7-10, 2014 '.Scuth Lake Tahoe, Nevada, USA : g

’

Microsoft Research e ,
] DIEEE =



Experiments: Results

’I -

Ours: C-DSSM

0.95
- ////
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Cherries

« What is the national anthem in the France?

PARALEX: be-currency-in.r euro.e france.e
CNNSM: be-national-anthem-of.r la-marseillaise.e france.e

« What is the title of france national anthem?
PARALEX: be-national-dog-of.r poodles.e france.e
CNNSM: be-national-anthem-of.r la-marseillaise.e france.e

« \What is the name of the national anthem of France?

PARALEX: be-national-language-in.r french.e france.e
CNNSM: be-national-anthem-of.r la-marseillaise.e france.e

- e
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More Cherries

« What is the largest city in Peru?
PARALEX: be-city-in.r cabana.e peru.e
CNNSM: be-largest-city-in.r lima.e peru.e

« When was Apple Computer founded?
PARALEX: be-founder-of.r steve-jobs.e apple.e
CNNSM: be-found-on.r apple-computer.e april-1-,-1976.e

« What is the plural form of the word bacterium?

PARALEX: be-plural-form-of.r virii.e virus.e
CNNSM: be-plural-form-of.r bacterium.e bacterium.e

R
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Some Lemmons

« Where does cassava grow?

PARALEX: grow-in.r cassava.e tropical-and-subtropical-regions
CNNSM: be-grow-by.r cassava.e poor-farmer.e

« Where in the world are watermelon grown?
PARALEX: be-grow.r japanese-farmer.e square-watermelon.e
CNNSM: be-grow-in.r watermelon.e different-shape.e

« What is the official theme song of France?

PARALEX: be-theme-song-for.r marseillaise.e french-
revolution.e

CNNSM: be-recurrent-theme-in.r song.e mailbox.e
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Interim summary

Continuous-space representations are effective for
several natural language semantic tasks

« Continuous Word Representations & Lexical Semantics
«  Knowledge Base Embedding
« Semantic Parsing & Question Answering

R
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summary

Great progress in deep learning p;;m;n e

breakthrough in speech, image, and language 2t

Exciting advances in learning continuous semantic

space
deep models effectively learn semantic representation vectors
leads to superior performance in a range of NL tasks

learning image and text vectors in an joint semantic space
facilitates exciting cross-modality scenarios

Learning knowledge-base embedding for entities and relationships
Deep learning for semantic parsing & question answering

R
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L ook forwaro

Building an universal semantic space for all modalities
speech, vision, text, social graph ...

Building an universal intelligence space, too
knowledge, reasoning, ...

Acquiring intelligence from ambient signals automatically

Deep learning meets big datal!
big capacity to digest big data
efficient computation even for small labs: one GPU machine,
10000 cores, learn a billion sentences in one day ...
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