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Tutorial Outline
» Part I: Background

Part |l: Deep learning in spoken language understanding
« Domain & intent detection using DNN
« Slot filling using RNN

Part lll: Learning semantic embedding

« Semantic embedding: from words to sentences
« The Deep Structured Semantic Model (DSSM)
« DSSM in practice: Word Embedding, Information Retrieval, Question Answering

Part IV: Deep semantic similarity model for text processing
 Overview of Semantic Similarity Model
« DSSM for Web Search
« DSSM for recommendation
« DSSM for semantic translation models

Part V: Conclusion
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Background




Background for deep learning
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Machine learning “ Statistics Programs

Deep learning

Machine learning
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The Universal @he New 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 racepook L.Launches Advanced
Technology Al Effort to Find Meaning in

Review Your Posts

A technique called deep learning could help Facebook understand

Septem ber 20, its users and their data better.
2 0 1 3 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 A BRIEF GUIDE

approach to impressive effect in the past year. Google has hired

and acquired leading talent in the field (see “10 Breakthrough Tﬂ FACEBUUK

Technologies 2013: Deep Learning”), and last year created INSIGHTS et &
software that taught itself to recognize cats and other objects i gl sbopinloyers
by reviewing stills from YouTube videos. The underlying deep h e ::iﬁf;ﬁﬁ%
learning technology was later used to slash the error rate of R

Google’s voice recognition services (see “Google’s Virtual Brain e ...'?‘,??.‘.§§'.°"S

Goes to Work")....Researchers at Microsoft have used deep

learning to build a system that translates speech from English IR,

to Mandarin Chinese in real time (see “Microsoft Brings Star e D _...

epmen
w21 bty g

Trek’s Voice Translator to Life"). Chinese Web giant Baidu also
recently established a Silicon Valley research lab to work on
deep learning. ST IS

Jert M rach i the semder of pougle who
atehed mprcen gt rexy tfs e boe
W) praple YT AT acked

I Microsoft Research o TN ARORT TR


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 is Freescal&

L) 1.3

November 3-7, 2014

This week, Google reportedly paid that much to

] — acquire DeepMind Technologies, a startup based in
. I\/II'LIUDUIL NCTSCai-clil = .




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
BN [ v Tug
—
GRBM H Wa ] ¥e T Wy
Copy
 —
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.

ACM International Conference
and Knowledge Managemen
Shanghai, China
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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

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

Progress of spontaneous speech recognition

100%

90%

2 80%

3]

(-2 70%

1

(=]

t 60%

Ll

T 0%

1.

(=)

3 40%

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

Yann LeCun
i C3f.maps 16 @10x10
INPUT gé;ggaxtzuare maps - S4- 1. maps 16@5x5
32w32 32 f. maps

GE14x14

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

Image LeCun et al., 1998 Output

ACM International Conference on Informatic
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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

ACM International Confer
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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
styear

15%

. Fall 2012

deep model

10% d
3 year

deep model
2nd year

Top-5 classification error rate

5%

: I I I I I I 2012 - 2014

0
~<°°  Deep CNN !l
Univ. Toronto team

Error
N
o
1102
710z
€107
v10Z

o U

[9;

\ﬂ)&s < N\‘S *‘?\C’%
o

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
Ceoeoe - e . oee )
i" Fd 5,
£ Fa i LY
. ' P mostf computation here \
’ F
Yoshua Bengio R '
' I '
i [ i
: I tanh 1
] I
I . (oo @ - - e ) ;
i i
i ’
1 F
1 ra
! P
C(w;_pe 1) C(w;_3) C(w;_1) -’
(o ® - @]

Table |~ . Matrix C Bengio, Ducharme, Vincent, Jauvin, "A
ookup [T s-l;;;r-.;t-i-r;;;l-'a};;;s neural probabilistic language model. *
ACTOS5 Words
JMLR, 2003
index for Wi_n1 index for wy_a index for w; 4

ACM International Conference on ini
and Knowledge Management
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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:
Word?2vec, Skip-gram, etc.

] All UNSUPERVISED

Tomas Mikolov

s
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

ACM International Conference
and Knowledge Managemen

B Microsoft Research R
November 3-7, 2014¢




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"”

ACM International Conference on Informatic

and Knowledge Management

B Microsoft Research Shanghai, China
November 3-7, 2014



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

ACM International Conference on Informatic
and Knowledge Management™

B Microsoft Research Shanghai, China
November 3-7, 2014


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 4 parts will elaborate on the
learning and applications of deep models in
NLP

ACM International Conference onir
and Knowledge Managemen

1 Shanghai, Chi '
I Microsoft Research N 0 A



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[C NOW Semantic slots: City-departure  City-arrival Date

ACM International Conference on Informatic
and Knowledge Management

B Microsoft Research Shanghai, China
November 3-7, 2014




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
- .
"Show me flights from Boston to New York today” —n -

U

\ Domain: travel j g
Hidden Layer

Input sentence —

[Tur, Deng, Hakkani-Tur, He, 2012, Deng, Tur, He, Hakkani-Tur, 2012]

ACM International Conference on Informatic
and Knowledge Management™
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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

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

ACM International Conferenc
and Knowledge Manageme
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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

ACM International Conferenc
and Knowledge Manageme

. \ icrOSOft Resea rCh Shanghai, China
November 3-7, 2014~



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

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

ACM International Conference on Information
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Back-propagation through time (BPTT)

|
-

lu 4. Back propagation

attimet =3

1. Forward propagation

2. Generate output

3. Calculate error

U

5. Back prop. through time

N

lv

ACM International Conference on Information
and Knowledge Management

B Microsoft Research Shanghai, China
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Results

» Evaluated on the ATIS corpus

» 4978 utterances for training

« 893 utterances for testing

» Using word feature only

 Baseline CRF: 92.94% in F1-measure

SGD vs. minibatch training
With local context window

~25% error reduction!

Model Elman Jordan Hybrid
94.55 94.66 94.75
Stochastic GD +0.51 +0.23 +0.31
94.54 94.33 94.25
Sentence-minibatch +0.23 +0.19 +0.28

Left-to-right vs. bi-directional RNN

With local context window Without local context window

Model Elman Jordan Model Elman Jordan
Left-to-right 94.54 94.33 Left-to-right 93.15 65.23
bi-direction 94.73 94.03 bi-direction 93.46 90.31

ACM International Conference
and Knowledge Managemen

B Microsoft Research Shanghai, China
November 3-7, 2014¢



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

ACM International Conference onir
and Knowledge Managemen

B Microsoft Research Shanghai, China
November 3-7, 2014



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

B Microsoft Research Electrical Engineering

Research Colloguium Series



Part 1l

Learning Semantic
Embedding



Why understanding language is difficult?

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

The meaning of text is usually vague and latent
e.g., no clear "supervision” signal to learn from as in speech/image recog.

Learning semantic meaning of texts is a key challenge in
NLP

B Microsoft Research Electrical Engineering

Research Colloquium Series



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 = 4|
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

ACM International Conference

. and Knowledge Managemen
B Microsoft Research Shanghai, China
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SENNA word embedding

Scoring:

Score(wy, Wo, W3, Wy, ws) = UTa(WIfy, fo, f3, far fs] + 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

20M

ACM International Conference on Informatic

. and Knowledge Managemen %
B Microsoft Research ndKone
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RNN-LM base word embedding

Word Embedding

w(t) y(t)
EE—
cat > s(t) >
EE—
ﬂ] v chases
» -
|/ B
~P ™\ — 1
f\ |
~__-7 > IS
(delayed)
5 Mikolov, Yih, Zweig, “Linguistic

Regularities in Continuous Space
Word Representations,” NAACL
2013

ACM International Conference
and Knowledge Managemen

B Microsoft Research R
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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].

ACM International Conference onir
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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)

ACM International Conference
and Knowledge Managemen

. \ icrOSOft Resea rCh Shanghai, China —
November 3-7, 2014« -



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
ﬂ SWU embedding
word embedding C:Uj matrix: 500 x 50K
<:ﬁ matrix: 500 x 100M T
<:ﬁ matrixe e
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

ACM International Conference
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Sub-word unit

o 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)

ACM International Conference onir
and Knowledge Managemen
Shanghai, China

B Microsoft Research ,
November 3-7, 2014



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 J[O UNSeen | letter-tri-gram list, respectively.
f(cat) =|1
words a
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%)

ACM International Conference
and Knowledge Manzgemen

B Microsoft Research Ry
November 3-7, 2014¢



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
(w/ word boundary mark #

) A
Uy
dT Letter-trigram embedding
im :
i/ matrix
i)

# — #-c-a, c-a-t, a-t-

#-c-a

r 4
1. 1.

c-a-t_a-t-#

< # total letter-trigrams —

K
v(cat) = Z(acat,k I)

M
Count of LTG(k) T

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

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

ACM International Confe ence on Information

and Knowledge Managemen —
Shanghai, China

B Microsoft Research

November 3-7, 2014



Other representation: random projection

* Sparse random _
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]

ACM International Conference
and Knowledge Managemen
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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

ACM International Conference onir
and Knowledge Managemen

1 Shanghai, Chi '
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Deep learning for semantic embedding

% However

« the semantic meaning of texts —

Abstract representation [ IDEMBEE D -
in tsh;ager;eapr:teizesnpjcfn to be learned — is latent
w.
/ - 1 * no clear target for the model to
learn
w .
. : * 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 e, ¢ similar”or not

sequence of words

. ) o . |
a man is reading the new york times That's the trammg S|gna| for us!

ACM International Conference

. and Knowledge Managemen
B Microsoft Research Shanghai,China
November 3-7, 2014+




Semantic Hashing Salkhutcinoy & 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 |

, | Embedding Ws
oL 500 | of the document | 200 |
'____________________________________: W2
— o —
e w,
A I {*] S | Z0K |
Document

ACM International Conference onir
and Knowledge Managemen
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Auto-encoder: rethinking

« The objective for training the auto-encoder?

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

« What is a good embedding?

« Good embedding helps end-to-end tasks, so:

« 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

ACM International Conference on Informatic
and Knowledge Management

B Microsoft Research Shanghai, China
November 3-7, 2014



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, ICASSP2014 Tutorial]
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DSSM for semantic embedding Learning

Initialization:

Neural networks are initialized with random weights

Semantic vector

Letter-trigram
embedding matrix

- Ws,2 t

dim = 50K
— Ws,7 t

Letter-trigram encoding
matrix (fixed)

dim = 100M
s: "racing car”

Bag-of-words vector
Input word/phrase

Huang, He, Gao, Deng, Acero, Heck, “Learning
deep structured semantic models for web
search using clickthrough data,” CIKM, 2013

d=300
W, , 1[

d=500
W, 1

d=500

dim = 50K
Wo o 4
dim = 100M

t*: "formula one”

ACM International Conferenc
and Knowledge Manageme
Shanghai, China
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DSSM for semantic embedding learning

Training:

Compute Cosine similarity between semantic vectors =~

Compute exp(cos(vs,v,+))
gradients Lo —pr -y €xp(cos(s, vy))

Semantic vector s Us —%

BN -

/OW

Letter-trigram
embedding matrix

Letter-trigram encoding
matrix (fixed)

Bag-of-words vector dim = 100M

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

ACM International Conferenc
and Knowledge Managemen

B Microsoft Research ety
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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”

ACM International Conferenc
and Knowledge Manageme

I Shanghai, Chi
B Microsoft Research b L



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<-> relationship 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,...dyg 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)

ACM International Conference on Informatic
and Knowledge Management

B Microsoft Research Shanghai, China
November 3-7, 2014



Reflection: from DNN to DSSM

« Common deep models reviewed so far:

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

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

ACM International Conference
and Knowledge Managemen

B Microsoft Research e
November 3-7, 2014¢




Reflection: from DNN to DSSM
+ DSSM

« Deep Structured Semantic Model or Deep Semantic Similarity Model
 For semantic matching / ranking (not classification with DNN)
- Step 1: target from “one-hot” vector"-valued "target”

to continuous-valued vectors %
k Dist#Xentropy
w, 4

Text string s

ACM International Conference
and Knowledge Managemen

. M icrOSOft Resea rCh Shanghai, China |
November 3-7, 2014



Reflection: frorm DNN to DSSM
« Jo construct a DSSM

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

using a deep net 7
Distance(s,t)
Semantic representation> | O@@OO O « -

“vector”-valued "“target”

Input t1

Text string s Text string t

ACM International Conference
and Knowledge Managemen

. \ icrOSOft Resea rCh Shanghai, China _
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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 %

Input t1
Text string s Text string t

ACM International Conference
and Knowledge Managemen

. \Y/ icrOSOft Resea rCh Shanghai, China _
November 3-7, 2014~



Reflection: from Auto-encoder to DSSM

Auto-encoder

Input sentence

re -construction error

embedding»@
vector

q_
—

Input sentence

Training loss func.: DSSM
AE: reconstruction error
of the input cosine
DSSM: distance between —_ similarity
embedding vectors _ embedding

. . vector
Supervision. \ T /J .

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

(e.g., query<->doc search log) W

Input:
AE: 1-hot word vector

DSSM: sub-word unit

(e, letter-trigrarm

source sentence target sentence

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

ACM International Conference
and Knowledge Managemen
Shanghai, China

November 3-7, 2014~
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Deep Structured Semantic Model (DSSM) in
oractice

Word semantic embedding  context word

Web search search query web documents

Question answering pattern / mention (in NL) relation / entity (in KB)
Recommendation doc in reading interesting things / other docs
Machine translation sentence in language a translations in language b
Text/Image joint learning text / image Image / text

Ad selection search query ad keywords

Entity ranking mention (highlighted) entities

Knowledge-base construction entity entity

ACM International Confere
and Knowledge Manageme

) Shanghai, Chi
[ Microsoft Research No?r’;?n:ér 3-7?3201@{;



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, Shen, 2014]
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Semantic reasoning (as algebra in the semantic space)

Semantic clustering: top 3 neighbors of each word

king earl (0.77) pope (0.77) lord (0.74)
woman person (0.79) girl (0.77) man (0.76)
france spain (0.94) italy (0.93) belgium (0.88)
rome constantinople (0.81) paris (0.79) moscow (0.77)
winter summer (0.83) autumn (0.79) spring (0.74)

rain rainfall (0.76) storm (0.73) wet (0.72)

car truck (0.8) driver (0.73) motorcycle (0.72)

Semantic analogy:
wiiw, =ws:? = V, =V; -V, +V, --retrieve words close to V,

summer : rain = winter : ? snow (0.79) rainfall (0.73) wet (0.77)

italy : rome = france : ? paris (0.78) constantinople (0.74) egypt (0.73)
man:eye =car:? motor (0.64) brake (0.58) overhead (0.58)
read : book = listen: ? sequel (0.65) tale (0.63) song (0.60)

ACM International Conferenc
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Fvaluation on the word analogy task

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 71.4%

(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, 2014)

ACM International Confere
and Knowledge Manageme

B Microsoft Research Shanghai, China
November 3-7, 2014«



DSSM for Web Search

» Training data:
« 80M query/clicked-doc-title pairs from search log

e Jest set:

« 12,071 English queries sampled from 1-yr. log
» 5-level relevance label for each query-doc pair
« Evaluated by NDCG

» Baselines

 Lexicon matching models: BM25
 Topic model: PLSA

ACM International Conference onir
and Knowledge Managemen

B Microsoft Research Shanghai, China
November 3-7, 2014



Results

« Evaluated on a document retrieval task
» Docs are ranked by the cosine similarity between embedding vectors
of the query and the docs

Model Input NDCG@1

dimension %
BM25 baseline -- 30.8
Probabilistic LSA (PLSA) 29.5 _

The DSSM improves

Auto-Encoder (Word) 40K 31.0 (+0.2) 5~7 pt NDCG over
DSSM (Word) 40K 342 (+3.4) shallow models
DSSM (Random projection) 30K 35.1 (+4.3)
DSSM (Letter-trigram) 30K 36.2 (+5.4)

The higher the NDCG score the better, 1% NDCG difference is statistically significant.

* The DSSM learns superior semantic embedding
» Letter-trigram + the DSSM gives superior results

ACM International Conference
and Knowledge Managemen
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Question Answering

Who is Justin Bieber s sister? }

@)

\‘ | Ax. sister—of(justin—bieber, x):

Jazmyn Bieber) | T

Vs
O

——
EEEEEm EEEEEEEEEEEEEEEEEEE

Inference

gender(jazmyn—bieber, female) Base

sibling—of(justin—bieber, jazmyn—bieber) Knowled%

ACM International Conference on Informatic
and Knowledge Management ™=

B Microsoft Research ndKone
November 3-7, 2014




Challenge

» Lots of ways to ask the same question

e “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?”

“What day did Minnesota officially become a state?”

ACM International Conference
and Knowledge Managemen

B Microsoft Research Shanghai, China
November 3-7, 2014¢



DSSM in question answering

Questlon When were DVD players invented?
(in natural language) l ‘ s

------ Decoding the best answer:
Ans*® = argmax,,P(Ans|KB, Q)

_dvd players

| CDSSM match in the CDSSM match in the
relatton Space enttty Space

P(Ans|KB, = EP Ans,SP|KB,
} Prob(R|P) Prob(E1|M) ( | 2 ( | 2
be-invent-in DVD-PLAYER 1993 ~ SPHTl;’iéleP(AnSISP KB,Q)P(SP|Q)

~ max Prob(R|P) X Prob(E1|M)

SP,Triple
Ans= 1993

Knowledge Triple  R(EL E2)

(in logical form) Ar.be-invent—-in(dvd-player,x)

Yih, He, Meek, "Semantic parsing for single-relation question answering,” ACL 2014

ACM International Conference
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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

ACM International Conference onir
and Knowledge Managemen

B Microsoft Research ndKone
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Experiments: Task — Question Answering

« Same test questions in the Paralex dataset
« 698 questions 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)

ACM International Conference on Informatic
and Kn wledg M nagement

B Microsoft Research Shangha, Chin
November 372014



Experiments: Results

’I .

C /
0O 0.9
2
§ 0.85 /
am

0.8 Paralex

0.75
0.7
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

Recall
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Other relevant work on deep learning in NLP
Long short-term memory RNN (LSTM-RNN)

Capable to capture long-span dependency in natural language
LSTM-DSSM for IR (Palangi, et al., “Learning sequential semantic representations," to appear)
LSTM for MT (Sutskever, et al., “Sequence to sequence learning with neural networks,” to appear)

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

ACM International Conference on Informatic
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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
« extend to cross-modality learning — in the next!

B Microsoft Research Electrical Engineering

Research Colloquium Series



Part IV

Deep Semantic Similarity Model For
Text Processing




Mission of Machine (Deep) Learning

"Real” world Data (collected/labeled)
"‘Artificial” world Model (architecture)

Link the two worlds — Training (algorithm)

ACM International Conference onl
and Knowledge Managemen

B Microsoft Research o |
November 3-7, 2014¢ — ey



Deep Semantic Similarity Model (DSSM) tor
lext Processing

« What is DSSM?

« DSSM for web search ranking

« DSSM for recommendation

« DSSM for phrase translation modeling
« DSSM for automatic image captioning

< < <

B Microsoft Research



Computing Semantic Similarity

« Fundamental to almost all text processing tasks, e.q.,

» Machine translation: similarity between sentences in different languages
« Web search: similarity between queries and documents

» Problems of the existing approaches

» Lexical matching cannot handle language discrepancy.

« Unsupervised word embedding or topic models are not optimal for the task of
Interest.

ACM International Conference on Informatic
and Knowledge Management

B Microsoft Research Shanghai, China
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Deep Semantic Similarity Model (DSSM)

[Huang et al. 2013; Gao et al. 2014a; Gao et al. 2014b; Shen et al. 2014]

« Compute semantic similarity between X and Y

- Map X and Y to feature vectors in a latent semantic space via deep neural net
- Compute the cosine similarity between the feature vectors

« DSSM for text processing tasks
N N

Web search Search query Web document

Automatic highlighting Doc (n reading Key phrases to be highlighted
Contextual entity search Key phrase and context Entity and its corresponding page
Machine translation Sentence in language A  Translations in language B
Automatic Image captioning I/mage caption

ACM International Conferenc
and Knowledge Manageme

. \ icrOSOft Resea rCh Shanghai, China
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DSSM for Web Search Ranking

e Jask

« Model architecture
« Model training

» Evaluation

[Huang, He, Gao, Deng, Acero, Heck. 2013; Shen, He, Gao, Deng, Mesnil, 2014 ]
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An Example of Web Search

Best Home Remedies for Cold and Flu

By: Catherine Browne, L.Ac., MH, Dipl. Ac. C O | d h O m e re m e d y

In Chinese medicine, colds and flu's are delineated
into several different energetic classifications. | d r T ] d
Here we will outline the different types of cold C O re e e

and flu viruses that you will likely encounter, and

how to deal with stuffy nose

specific patterns that you can use to treat the
cold or influenza virus.

Cold and Flu Basics
The basic pathogenic influences are:

+« Wind
+« Cold
+ Heat
+« Damp

Wind

Theaoretically, wind enters the body through the back of the neck area or
nose carrying the pathogen. It first attacks the Lung system (including the
sinuses) because the Lung organ system is the most external Yin organ, a
thus the most vulnerable to an external invasion. External Wind invasion is
marked by acute conditions with a sudden onset of symptoms.

ACM International Conference
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Semantic Matching between Q and D

R&D progress

Fuzzy keyword matching

« Q: cold home remedy
« D: best home remedies for cold and flu

Spelling correction

« Q: cold remeedies
« D: best home remedies for cold and flu

Query alteration/expansion

« Q: flu treatment
« D: best home remedies for cold and flu

REA

Query/document semantic matching

« Q: how to deal with stuffy nose
« D: best home remedies for cold and flu

ACM International Conference on Informatic
and Knowledge Management ™=
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DSSM: Compute Similarity in Semantic Space

Relevance measured
by cosine similarity

128 128
A A

DSSM

Word sequence Xt W1,Wo, ...,WT, W1,Wo, ..., WTp

Learning: maximize the similarity
between X (source) and Y (target)

ACM International Conference
and Knowledge Managemen
Shanghai, China

B Microsoft Research
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DSSM: Compute Similarity in Semantic Space

Relevance measured _
by cosine similarity sim(X, Y)

128

S -

128

. -

fC)

g(.)

Word sequence Xt W1,Wo, ..., W,

W1,Wa, ...,WTo

Learning: maximize the similarity
between X (source) and Y (target)

Representation: use DNN to extract
abstract semantic representations

ACM International Conference
and Knowledge Managemen
Shanghai, China
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DSSM: Compute Similarity in Semantic Space

Relevance measured

by cosine similarity sim(X, Y) Learning: maximize the similarity

between X (source) and Y (target)

semantic layer h 118 118 Representation: use DNN to extract
d Max pooling layer Vv 300 300 abstract semantic representations
r A h) r A N\
Convolutional layer Eﬂ\ﬂ\ Eﬂ\ﬂ\ Convolutional and Max-pooling
) layer: identify key words/concepts
Word hashing layer  f; fi, o, ..., fro fi, o, .oty Fro in Xand Y
] Word sequence Xt Wl,Wz,T...,WTQ wl,wz,T.,.,wTD Word hashing: use sub-word unit
X v (e.g., letter n-gram) as raw input to

handle very large vocabulary

ACM International Conference
and Knowledge Managemen
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Letter-trigram Representation

Control the dimensionality of the input space BD\LL

- e.g., cat — #cat# — #-c-a, c-a-t, a-t-#
« Only ~50K letter-trigrams in English; no OOV issue

Capture sub-word semantics (e.qg., prefix & suffix) -
Words with small typos have similar raw representations

Collision: different words with same letter-trigram
representation?

J1, f? X

#
Vocabulary size A7 LRI L # of Collisions Collision rate
trigrams

10,306 0.0050%
500K 30,621 22 0.0044%
5M 49,292 179 0.0036%

ACM International Conferenc
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128

Convolutional Layer

u; u;
B 5
3 1 WLW2, W
e
7 %
# W4

» Extract local features using convolutional layer

* {w1, w2, w3} = topic 1
* {w2, w3, w4} = topic 4

ACM International Conference
and Knowledge Managemen
Shanghai, China
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128

Max-pooling Layer 5

—
) 1 Ji:.f2s s ST
E A ] w]:WZ: "':WTQ
0 4
/ \ \ |
# Ws # # Wi w, W3 Wy W; #

* Extract local features using convolutional layer
* {w1, w2, w3} - topic 1
* (w2, w3, w4} - topic 4

 Generate global features using max-pooling
 Key topics of the text = topics 1 and 3
 keywords of the text: w2 and w5

ACM International Conference
and Knowledge Managemen
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Max-pooling Layer

128

*

300
(_%

f} D.f‘27 c Tt .f:rQ

T

WI,W2: .- '5WTQ

N

# Wi w;

* Extract local features using convolutional layer
* {w1, w2, w3} = topic 1
* {w2, w3, w4} = topic 4

 Generate global features using max-pooling
* Key topics of the text = topics 1 and 3
 keywords of the text: w2 and w5

W3 Wy W;s #

.. the comedy festival formerly
known as the us comedy arts
festival is a comedy festival held
each year in las vegas nevada from
its 1985 inception to 2008 . it was
held annually at the wheeler opera
house and other venues 1n aspen

colorado . the primary sponsor of
the festival was hbo with co-
sponsorship by caesars palace . the

primary venue tbs geico insurance
twix candy bars and smirnoff wvodka
hbo exited the festival business in
2007 ..

ACM International Conference
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Intent Matching via Convolutional-Pooling

« Semantic matching of query and document

[ butolbody| repair cost{calculatorjsoftware ]

3
e

>, NN\\ ~~\\~\
( ¥ ' * * D
264 170 294 [ 209 } [ 132 ][ 231 ] [ 224 ][ 186 ] Most active neurons at the
L J > max-pooling layers of

' 264 ‘ 170 294 [ 209 } { 132 }[ 231 ] [ 224 ][ 186 } ) the e and document nets

{ J respectively
C S A4
i J /,z
--....,_...:.," o '1’,_—
RS 1,7
¥ it
. 'b

[ free online car bt;dy shop Fepair Estimatesﬂ
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More Examples

Query

Title of the top-1 returned document retrieved by CLSM

warm environment arterioles do what

auto body repair cost calculator software

what happens if our body absorbs excessive amount vitamin d
how do camera use ultrasound focus automatically

how to change font excel office 2013

where do 1 get my federal tax return transcript

12 fishing boats trailers

acp ariakon combat pistol 2.0

thermoregulation wikipedia the free encyclopedia

free online car body shop repair estimates

calcium supplements and vitamin d discussion stop sarcoidosis
wikianswers how does a camera focus

change font default styles i excel 2013

how to get trasncripts of federal income tax returns fast ehow
trailer kits and accessones motorcyvcle utility boat snowmobile

paintball acp combat pistol paintball gun paintball pistol package
deal marker and gun

B Microsoft Research
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Learning DSSM from Labeled X-Y Pairs

- Consider a query X and two docs Y™ and Y~
« Assume Y7 is more relevant than Y~ with respect to X

» simg(X,Y) is the cosine similarity of X and Y in
semantic space, mapped by DSSM
parameterized by 0

ACM International Conference onir
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Learning DSSM from Labeled X-Y Pairs

- Consider a query X and two docs Y™ and Y~
« Assume Y7 is more relevant than Y~ with respect to X

* simg(X,Y) is the cosine similarity of X and Y in
semantic space, mapped by DSSM
parameterized by 0

20

e A =simg(X,Y") —simg(X,Y™) \\

« We want to maximize A Z N
« Loss(A;0) =log(1 + exp(—yA)) =2 + o 1 2
« Optimize 0 using mini-batch SGD on GPU

ACM International Conference on Informatic
and Knowledge Management
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Learning DSSM from Labeled X-Y Pairs

Semantic Space

Y1: free online car body shop repair estimates /

Y2: online body fat percentage calculator X
Y3: Body Language Online Courses Shop X

Implicit Supervised Information

X: auto body repair
cost calculator
software

o
re - Positive X-Y pairs are extracted from search click logs
proN « Negative X-Y pairs are randomly sampled
« Map X and Y into the same semantic space via deep neural
net

ACM International Conference ¢
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Learning DSSM from Labeled X-Y Pairs

Semantic Space
. Y1: free online car body shop repair estimates /

Y2: online body fat percentage calculator X
Implicit Supervised Information Y3: Body Language Online Courses Shop X

X: auto body repair
cost calculator

software
o o
~ * Positive X-Y pairs are extracted from search click logs
prow * Negative X-Y pairs are randomly sampled

Map X and Y into the same semantic space via deep neural net
Positive Y are closer to X than negative Y in that space

ACM International Conference g
and Knowledge Managemen

B Microsoft Research Shanghai, China
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Mine “Labeled” X-Y Pairs from Search Logs

how to deal with stuffy nose? <=  NO CLICK

stuffy nose treatment <y  NO CLICK

. http://www.agelessherbs.com/BestHomeReme
cold home remedies = . ey himi

ACM International Conference
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Mine “Labeled” X-Y Pairs from Search Logs

how to deal with stuffy nose? ==y (Best Home Remedies for Cold and Flu
By: Catherine Browne, L.Ac., MH, Dipl. Ac.
Sthfy nose treatment l : In Chinese medicine, colds and flu's are delineated

into several different energetic classifications.
Here we will outline the different types of cold

Co[d home remed[es Le— and flu viruses that you will likely encounter, and

then describe the best home remedies for these
specific patterns that you can use to treat the

cold or influenza virus. z a

Cold and Flu Basics

i Py
The basic pathogenic influences are. el
Warrior
7000
+ Wind = |
Cold

+ Heat
+ Damp

Wind

Theoretically, wind enters the body through the back of the neck area or
nose carrying the pathogen. It first attacks the Lung system (including the
sinuses) because the Lung organ system is the most external Yin organ, a
thus the most vulnerable to an external invasion. External Wind invasion is
marked by acute conditions with a sudden onset of symptoms.

ACM International Conference
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Mine “Labeled” X-Y Pairs from Search Logs

how to deal with stuf fy nose? Best Home Remedies for Cold and Flu

wWina Heat EXternal Pathogens
By: Catherine Browne, L.Ac., MH, Dipl. Ac.

stuffy nose treatment
In Chinese medicine, colds and flu's are delineated

into several different energetic classifications.

; Here we will outline the different types of cold
co ld home rem edles and flu virqses that you will likely encounter, and

15N
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Fvaluation Methodology

« Measurement: NDCG, t-test

e lest set:
« 12,071 English queries sampled from 1-y log

- 5-level relevance label for each query-doc pair

» Training data for translation models:
« 82,834,648 query-title pairs

» Baselines
« Lexicon matching models: BM25, ULM
« Translation models
 Topic models
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Translation Models for Web Search

D: best home remedies for cold and ﬂu‘

Q: how to deal with stuffy nose

» Leverage statistical machine translation (SMT)
tech to improve search relevance

« Model docs and queries as different languages

» Cast mapping queries to docs as bridging the
language gap via translation

 Given a Q, D can be ranked by how likely it is
that Q is “translated” from D, P(Q|D)

[Gao, He, Nie, 2010]
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Generative Topic Models

Q: stuffy nose treatment €== D: cold home remedies

Q: stuffy nose treatment €= Topic | €= D: cold home remedies

» Probabilistic latent Semantic Analysis (PLSA)
¢ P(QlD) — HqEQZZP(Q|¢Z)P(Z|D' 0)

« D is assigned a single most likely topic vector
« Qs generated from the topic vectors

Latent Dirichlet Allocation (LDA) generalizes PLSA

- a posterior distribution over topic vectors is used
« PLSA = LDA with MAP inference
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Bilingual Topic Model tor Web Search

A >0

<

(@9)¢—

PO

D

(@"&—

[Gao, Toutanova, Yih, 2011]

B Microsoft Research

p‘q

p’

- For each topic z: (qb(z2 ¢ZD) ~ Dir(B)

« For eacnh Q-D pair: 8 ~ Dir(a)

« Each g is generated by z ~ @ and g ~ 4)2
» Each wis generated by z ~ @ and w ~ ¢?2
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Web Doc Ranking Results

374
37 35.6
35 34.4 34.2 34.7 34.2
33.5
33 32.8
31.6 315 31.9 32
31 305 30.5
27
BM25 PLSA BLTM Word Phrase DSSM_BOW DSSM
translation Translation
model model

B NDCG@1 EMNDCG@3
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summary

» Map the gueries and documents into the same
atent semantic space

» Doc ranking score is the cosine distance of Q/D
vectors in that space

« DSSM outperforms all the competing models

102
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DSSM for Recommendation

» Two interestingness tasks for recommendation
« Modeling interestingness via DSSM

- Training data acquisition

» Evaluation

e Summary
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Two Tasks of Modeling Interestingness

» Automatic highlighting
« Highlight the key phrases which represent the entities (person/loc/org) that
interest a user when reading a document
« Doc semantics influences what is perceived as interesting to the user
* e.g., article about movie = articles about an actor/character

» Contextual entity search

« Given the highlighted key phrases, recommend new, interesting documents
by searching the Web for supplementary info about the entities

- A key phrase may refer to different entities; need to use the contextual
information to disambiguate
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The Einstein Theory of Relativity

(1) The perthelion of Mercury shows a discrepancy which has
long puzzled astronomers. This discrepancy 1s fully accounted
for by Einstemn. At the time when he published his theory, this
was 1ts only experimental verification.

(2) Modern physicists were willing to suppose that light might be
subject to gravitation—i.e., that a ray of light passing near a great
mass like the sun might be deflected to the extent to which a
particle moving with the same velocity would be deflected
according to the orthodox theory of gravitattion. But Einstein's
theory required that the light should be deflected just twice as
much as this. The matter could only be tested during an eclipse
among a number of bright stars. Fortunately a pecuharly favour-
able eclipse occurred last year. The results of the observations
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The Einstein Theory of Relativity

(1) The perthelion of Mercury shows a discrepancy which has
—. . i N v

long puzzled astronomers. This discrepancy 1s fully accounted

for by Einstein. At the ttme when he published his theory, this

was 1ts only expertmental verification.

(2) Modern physicists were willing to suppose that light might be
subject to gravitation—i.c., that almv of light i\assing near a great
mass like the sun might be deflected to the extent to which a
particle moving with the same velocity would be deflected
according to the orthodox theory of gravitation. But Einstein's
theory required that the light should be deflected just twice as
much as this. The matter could only be tested during an eclipse
among a number of bright stars. Fortunately a pecuharly favour-

able eclipse occurred last year. The results of the observations
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Quick Insights
Ray of Light

Ny Ray of Light is the
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)
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by American singer-
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The Einstein Theory of Relativity

Context Entity

(1) The perthelion of Mercury shows a discrepancy which has <
—. . i N v
long puzzled astronomers. This discrepancy 1s fully accounted S
for by Einstein. At the ttme when he published his theory, this Ray of Light
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was 1ts only experimental verification. S

seventh studio album
- 5

by American singer-
% y g

?(' «.- songwriter Madonna,

. . - . . . £ N o

(2) Modern physicists were willing to suppose that light might be o e
v L. < L.

1998 by Maverick Records. After giving

subject to gravitation—i.e., that al ray of light hassing near a great BleE e

started working on her new album with

mass like the sun might be deflected to the extent to which a prockces B foce PRk Leoen

Release date

pzlrriclc moving with the same \'cl()cit)' would be deflected Artist

Awards

accm‘ding to the orthodox theorv of Erm\'irati(m. But Finstein's

theory required that the light should be deflected just twice as i e

Ray of Light - Wikipedia, the free enc...

much as this. The matter could only be tested during an cclipsc
among a number of bright stars. Fortunately a pecuharly favour-
able eclipse occurred last year. The results of the observations

Sundial - Wikipedia, the free encyclop...

ACM International Conferenc
and Knowledge Manageme

. \ icrOSOft Resea rCh Shanghai, China
November 3-7, 2014«




The Einstein Theory of Relativity

Context Entity

Wheat would hoppen o

(1) The perthelion of Mercury shows a discrepancy which has
—,.. . . ’ I could travel riding “-
long puzzled astronomers. This discrepancy 1s fully accounted o beam of gt
for by Einstein. At the ttme when he published his theory, this '
was 1ts only experimental verification.

(2) Modern physicists were willing to suppose that light might be
subject to gravitation—i.e., that al ray of light i’)assing near a great
mass like the sun might be deflected to the extent to which a
particle moving with the same velocity would be deflected

according to the orthodox theory ()fzrrn\'irati(m. But Finstein's

theory required that the light should be deflected just twice as
much as this. The matter could only be tested during an cclipsc
among a number of bright stars. Fortunately a peculiatly favour-

able eclipse occurred last year. The results of the observations
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DSSM tor Modeling Interestingness

(1) The perthelion of Mercury shows a discrepancy which has
long puzzled astronomers. This discrepancy 1s fully accounted
for by Einstemn. At the time when he published his theory, this ,
¢ I i . ) ’ 5t e .
was 1ts only experimental verification. A Entity page
(reference doc)

(2) Modern physicists were willing to suppose that light might be
subject to gravitation—i1 e that= ‘ assing near a great
mass like the sun might be deflected to the extent to which a
particle moving with the same velocity would be deflected
according to the grthodox theorv of eravitation. But Einstein's
theory required that the light should be deflected just twice as
much as this. The matter could only be tested during an eclipse
among a number of bright stars. Fortunately a peculiatly favour-

Key phrase

able eclipse occurred last year. The results of the observations

X (source text) Y (target text)

Automatic highlighting Doc in reading Key phrases to be highlighted

Contextual entity search ~ Key phrase and context ~ Entity and its corresponding (wiki) page
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Learning DSSM from Labeled X-Y Pairs

The Einstein Theory of Relativity Ray of Light (Experiment)

(1) The perthelion of Mercury shows a discrepancy which has What would happen #
I could travel riding ( &>
a beam of light?

Would I see

long puzzled astronomers. This discrepancy 1s fully accounted
for by Iimxmu At the time when he published his theory, this

was its only experimental verification.

e still bght?

(2) Modern physicists were willing to suppose that light might be
subject to gravitation—i.e., that afray of lightlpassing near a great

mass like the sun might be deflected to the extent to which a
particle moving with the same velocity would be deflected
according to the grthodox theory of oravitation. But Einstein's
theory required that the light should be deflected just twice as
much as this. The matter could only be tested during an eclipse
among a number of bright stars. Fortunately a peculiarly favour-

able eclipse occurred last year. The results of the observations
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DSSM for recommendation

- Training data acquisition
» Evaluation
« Summary
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Extract Labeled Pairs from Web Browsing Logs
Automatic Highlighting

« When reading a page P, the user clicks a hyperlink H

http://runningmoron.blogspot.in/

| spent a lot of time finding music that was motivating and

\ that I'd also want to listen to through my phone. | could
find none. None! | wound up downloading three Metallica

songs, a Judas Priest song and one from Bush. —

* (text in P, anchor text of H)

ACM International Conference
and Knowledge Managemen
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http://judaspriest.com/
http://en.wikipedia.org/wiki/Bush_(band)

Extract Labeled Pairs from Web Browsing Logs
Contextual Entity Search

« When a hyperlink H points to a Wikipedia P’

http://en.wikipedia.org/wiki/Bush_(band)

y Create account Log in
"' TR
* a3
4 W
0 Q Article Talk Read Edit View history |S&arct Q

| spent a lot of time finding music that was motivating and "
Bush (band)

that I'd also want to listen to through my phone. | could S
find none. None! | wound up downloading three Metglica ki R R

Bush are a British rock band formed in London in

http://runningmoron.blogspot.in/

lllllllllllll , the free encyclopedia

J d 1 1992.
udas Pries d from BUS
S O n g S y a S O n g an O n e ro . Randomarhc The grunge band found its immediate success
D jatet Wikipod with the release of their debut album Sixteen
Wikimedia Shop _ 530 3¢ . . s -
e Stone in 1994, which is certified 6x multi-platinum S
Interaction by the RIAA P Bush went on to become one of
help the most commercially successful rock bands of
bout Wikipedi . .
c P the 1990s, selling over 10 million records in the
mmmmmm ity portal
t changes United States. Despite their success in the United
Contact page States, the band was less well known in their

home country and enjoyed only marginal success

* (anchor text of H & surrounding words, text in P’)
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http://en.wikipedia.org/wiki/Bush_(band)

Automatic Highlighting: Settings

» Simulation
- Use a set of anchors as candidate key phrases to be highlighted
 Gold standard rank of key phrases — determined by # user clicks
« Model picks top-k keywords from the candidates
« Evaluation metric: NDCG

e Data

» 18 million occurrences of user clicks from a Wiki page to another,
collected from 1-year Web browsing logs

« 60/20/20 split for training/validation/evaluation
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Automatic Highlighting Results: Baselines

0.6

0.4

2
021b0 >3

0.2
O 04" O 062 I
0

Random Basic Feat
BNDCG@1 ENDCG@5

« Random: Random baseline
* Basic Feat: Boosted decision tree learner with document features, such
as anchor position, freq. of anchor, anchor density, etc.
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Automatic Highlighting Results: Semantic Features

0.6 0.505 0.475 0.5540 524

0.4 0.953 0. 34_)0 560
0.21-
0.2
O 04" O 062 l
0

Random Basic Feat| + LDA Vec + Wiki Cat + DSSM
Vec

BNDCG@1 B NDCG@5

* + LDA Vec: Basic + Topic model (LDA) vectors [Gamon+ 2013]

« + Wiki Cat: Basic + Wikipedia categories (do not apply to general documents)
* + DSSM Vec: Basic + DSSM vectors
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Contextual Entity Search: Settings

+ Training/validation data: same as in automatic highlighting

» Evaluation data
« Sample 10k Web documents as the source documents

« Use named entities in the doc as query; retain up to 100
returned documents as target documents

- Manually label whether each target document is a good page
describing the entity

« 870k labeled pairs in total
» Evaluation metric: NDCG and AUC
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Contextual Entity Search Results: Baselines

0.8

0.6

0.4

. 0515 0253
| 0.041 0.062 . .
0 e 0N

BM25 BLTM
B NDCG@1 mAUC

« BMZ25: The classical document model in IR [Robertson+ 1994]
« BLTM: Bilingual Topic Model [Gao+ 2011]
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Contextual Entity Search Results: DSSM

0.8 0.699 0.711
0.6
04

0.215 9223 0.223 0.259
©we ml | wll N
0 mmm OO0

BM25 BLTM DSSM-bow DSSM
B NDCG@1 mAUC

* DSSM-bow: DSSM without convolutional layer and max-pooling structure

« DSSM outperforms classic doc model and state-of-the-art topic model
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Summary

- Extract labeled pairs from Web browsing logs
« DSSM outperforms state-of-the-art topic models

« DSSM learned semantic features outperform the
thousands of features coming from the manually
assigned semantic labels
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DSSM tor Phrase Translation Modeling

» Introduction

» DSSM for phrase translation modeling
 Model training using Expected-BLEU objective
» Evaluation on WMT

e Summary

[Gao, He, Yih, Deng, 2014]
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Statistical Machine Translation (SMT)

C: ¥k AR £ Bz BE B Sk £i8E

E: Rescue workers search for survivors in collapsed houses

Statistical decision: E* = argmax P(E|C)
E

Source-channel model: E* = argmax P(C|E)P(E)

E
Translation models: P(C|E) and P(E|C)

Log-linear model: P(E|C) = Z(ClE) exp ),; A;h;(C, E)

Fvaluation metric: BLEU score (higher is better)

[Koehn 2009]
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Phrase-based Models

C: Fie N AERE B R EIF AL H Chinese
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Phrase-based Models

C: HOR A\ ATEEIIRN R IR AL Chinese
rescue stafff in collapse  of  house in  search survivors _
S ) " - Segmentation

e AR (e owmow omE o ow] (o) tsw. |

/]

! i

Translation

I: (
Rescue workers ] l mn collapsed houses ‘ search for ] SUIVIVOrs ]
M: . ¥ L % . Permutation

L Rescue workers J t search for | [ SUIVIVOTS J { in collapsed houses

E: Rescue workers search for suwrvivors in collapsed houses. English
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Parameter Estimation

(#IE. rescue)

e AR TE R B R B FRAnE U&\.’i workers)
({£, in)
rescue . ({81353, collapsed)
workers . (5 )2, house)
(. in)
search . (34, search)
for (£ . survivors)
: (HdE A . rescue workers)
Survivors ({£ {8115, in collapsed)
in ({8453 . collapsed)
(H' 55 ). house)
collapsed (4. search for)
houses (F4k 4144 . search for survivors)

(423t 4. for survivors)
(3145 1) 552, collapsed house)

N(ce)
Zel N(C,el)
with smoothing

MLE: P(e|c) =
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DSSM for Phrase Translation Modeling

j 1I._|I EJ'+1

...(the process of) | (machine translation) Target phrases
\Jf Continuous representations of

D ¥e; target phrases
D ¥y Continuous representations of

,T-. ’ source phrases

(le processus de) (traduction automatique) Source phrases

fi-1 | fi : fis1
___________________ .;. o Translation score as dot product of
scorel[f,-, ej-) = V5 Ve;

feature vectors in the continuous space

» Follows the “story” of phrase translation models, but
» Uses different parameter estimation method

- Map source/target phrases into the same semantic space
 Phrase translation score == similarity btw their feature vectors in semantic space
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A Closer Look at the Mapping

Feature vector ) 100 (k) v
=
Neural network 100
_ T w
Word vector 200K (d) X
Raw phrase (Wy .. W) eorf

 Bag-of-words representation of a phrase: x
» Map x to a low-dim semantic space: ¢(x): R4 - R¥
« Mapping is performed using a neural net:
y = ¢(x) = tanh (WZT(tanh(WlTx)))
Translation score as similarity between feature vectors

score(f,e) = simg(Xf, X.) = Y;Ye
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Using the DSSM tor SMT

« Define a new translation feature:

huas(F E,0) = ) simp(xy, X,)
(f.e)EA

» Integrate into the log-linear model for SMT:
P(E|F) = exp Z b, (F, E)

7(F,E)
E* = argmaxz Ah;(F,E)
E .
l
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Parameter Estimation

« Parameters (A, 0)

 A: a handful of parameters in log-linear model.
* 0: projection matrices of the DSSM.

« Jake three steps to learn (A, 0):

« Generate N-best lists using a baseline SMT system
* Fix A, and optimize 0 w.r.t. a loss function on the N-best lists of training

data.
« Fix 8, and optimize A to maximize BLEU on development data.
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How to Learn DSSM Parameters?

 Problem 1. can we optimize translation quality (BLEU)
directly?

» Solution: end2end optimization based on a task-specific
objective

« Problem 2: we have sentence pairs, but not phrase pairs,
for training.

» Solution: use the chain rule to decompose the sentence
error to phrase errors
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Training DSSM Parameters, 0

 Define a loss function £(0), which is

* Friendly to optimizer: differentiable/convex
- Aiming the right target: closely related to task-specific metric (BLEU)

 Update 0 with gradient descent

grew _ o OL(0)
T

» Algorithms

« Batch training, L-BFGS
 Stochastic Gradient Descent (SGD)
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Loss Function: £(0)

» Expected BLEU based on n-best list
» xBleu(0) = Y.pegen(r, P(E|F;)sBleu(E;, E)

exp(ATh(F;,E,A)+Apr+1hp+1(Fi.E9))

« P(E|F;) =
(E1F) ZEeGEN(Fi) exp(ATh(F,E,A)+Ap1hpr41(Fi.E,8))

» Friendly to optimizer?
- Differentiable but non-convex
» Aiming the right target?

 Closely related to BLEU

ACM International Conference onir
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Gradient: 0£(0)/00

. dL(0) 0L(0) 6sim9(xf,xe)

90 Z(f,e ) dsimg (X r,Xe) 00

» Error term:—0L(0)/dsimg (Xf, X, )

- how the overall loss changes with the translation score of the phrase pair

dsimg(Xr,X,)/00 can be computed via Back
Propagation (BP)

» Similar to DSSM for web search ranking
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Fvaluation

 Two Europarl translation tasks

 English-to-French (EN-FR)

« German-to-English (DE-EN)
« Baseline

» A state-of-the-art phrase-based SMT system, i.e., Moses
» Evaluation metric

« case insensitive BLEU score
« 1 reference

138
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Results on WMT2012 datasets

2! 26.6

26 255
- 24 4
23

Baseline MRFp CPTM MRFp+CPTM
H news2010 H news2011

 MRF: Markov Random Fields with xBleu [Gao and He 2013]
« CPTM: DSSM with xBleu
« Up to 1.3 BLEU point improvement over the baseline
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Summary

Map the sentences in source/target languages into
the same, language-independent semantic space

The DSSM-based semantic translation model leads up
to 1.3 BLEU improvement

DSSM training: endZ2end optimization based on a
task-specitic objective
Other DNNs for SMT

« [Auli et al. 2013; Auli and Gao, 2014; Hu et al. 2014; Devlin et al. 2014]
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Deep Semantic Similarity Model (DSSM):
learning semantic similarity between X and Y

Web search Search query

Ad selection Search query

Entity ranking Mention (highlighted)
Recommendation Doc in reading
Machine translation Sentence in language A
Nature User Interface Command (text/speech)
Summarization Document

Query rewriting Query

Image retrieval Text string

[Huang et al. 2013; Shen et al. 2014; Gao et al. 2014a; Gao et al. 2014b]

H
B Microsoft Research

Web documents

Ad keywords

Entities

Interesting things in doc or other docs
Translations in language B

Action

Summary

Rewrite

Images
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Mission of Machine (Deep) Learning

"Real” world  Data (collected/labeleq)
‘Artificial” world ~ Model (architecture)

Link the two worlds  Training (algorithm)
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Mission of Machine Deep Learning

"Real” world  Labeled Data
‘Artificial” world — Deep Neural network

Link the two worlds  Stochastic Gradient Descent
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Jext is borin 19, Jet s have some fun /
DSSM for Text-Image Joint Representation Learning

Distance(s,t)
« Recall DSSM for text inputs: s, t1, t2, t3, ... @ sﬁ
« Now: replace text s by image s *
« Using DNN/CNN features of image
« Canrank/generate text's given image or V’F #lti-
can rank images given text. R e
w, A
W scimaclaver 1 H
. inputs | oot |
—r— . .
onvolution/pooling Image featuress  Text: a parrot rides a tricycle

Raw Image pixels |
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Automatic Image Captioning

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 Caption

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 B
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next to a

next to a

HU Machine-
W generated (but a group of motorc

turker prefered) 1O A motorcyCIe Maching-getsratad (Dut 4 ffak h0|d|ng a tennis
turker prefered) H
racquet on a tennis court

two girls wearing

Humanamotated skirts and one of | Mmemesea e the man is on the tennis court . 3 clock tower in the middle of

(but turker not ) turker not prefered) Ia in a ame "
prefered) motorcycle while payingag the street

nearby

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