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Part of this tutorial is based on

- Xiaodong He, Jianfeng Gao, Li Deng. “Deep Learning for Natural Language
Processing,” Tutorial, CIKM 2014, Shanghai, USA

« Scott Yih, Xiaodong He, Jianfeng Gao. “Deep Learning and Continuous
Representations for Natural Language Processing,” Tutorial, NAACL, 2015, San
Diego, USA

» Scott Yih, Xiaodong He, Jianfeng Gao. “Deep Learning and Continuous
Representations for Natural Language Processing,” Tutorial, IJCAI, 2016, New York
City, USA

And with materials based on collaborations with many colleagues.
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Tutorial Outline

» Part [: Introduction to Deep Learning

« Part II: Deep learning in statistical machine translation and conversation

» Part lll: Deep Structured Semantic Models (DSSM) and IR/NL Applications
« Part IV: NLU: Knowledge Base representation and Question answering

» Part V: Deep reinforcement learning in NLP

- Part VI: Image-language multimodal learning and inference

» Part VII: Conclusion
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Background




Gartner hype cycle
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A brief history of deep neural networks (DNN)

Neural Network History

Expectations
or media hype

4

Gartner Hype Cycle

Peak of Inflated Expectations

Trough of Disillusionment

Technology Trigger
time
1950-70 1980 1990 2000 2006 2009
DNN DNN

(industry)
[Deng & Yu 14]
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10 BREAKTHROUGH

i=zad TECHNOLOGIES 2013

Introduction The 10 Tet

Past Years

Deep Learning

With massive
amounts of
computational power,
machines can now
recognize cbjects and
translate speech in
real time. Artificial
intelligence is finally

Temporary Social
M-E-digo

Messages that guickly
self-destruct could
enhance the privacy
of online
communications and
make people freer to

Prenatal DNA
Sequencing

Reading the DMNA of
fetuses will be the
next frontier of the
genomic revolution.
But do you really want
to know about the
genetic problems or
musical aptitude of

Additive
Manufacturing

Skeptical about 3-D
printing? GE, the
world's largest
manufacturer, is on
the verge of using the
technology to make

Baxter: The Blue-
Collar Robot

Rodney Brooks's
newest creation is
easy to interact with,
but the complex
innovations behind the
robot show just how
hard it is to get along

getting smart. be spontaneocus. . vour unborn child? . jet parts. with people. .
Memory Implants Smart Watches Ultra-Efficient Solar Big Data from Cheap Supergrids
Power Phones

A maverick
neuroscientist
believes he has
deciphered the code
by which the brain
forms long-term
memories. Next:
testing a prosthetic
|m?Ian_t for people
suffering from long-

The designers of the
Pebble watch realized
that a mobile phone is
more useful if you
don't have to take it

Doubling the
efficiency of a solar
cell would completely
change the
economics of
renewable energy.
Manotechnology just
might make it

Collecting and
analyzing information
from simple cell
phones can provide
surprising insights into
how people move
about and behave —
and even help us
understand the

A new high-power
circuit breaker could
finally make highly
efficient DC power

term memory loss. N out of your pocket. . possible. . spread of diseases. . grids practical. .

H
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Deep learning in academia: centered at NIPS 2015

Neil Lawrence (lawrennd - Dec
- NIFS2015 attendance numbers. Massive growth across the board but
over 100% in tutorials.

NIPS Growth

Total Registrations 3755 Dec 7-12, 2015
3,200
Zuckerberg &
LeCun
2,400 : 213
Hinton
"bidding2012
1,600 Hinton
& MSR
2009
800
0
Tutorials Conference Workshops
(2.584) (3.262) (3,006)
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Ehe New Nork Cimes

Scientists See Promise in Deep-Learning Programs
John Markoff November 23, 2012

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

Geoff Hinton

The universal translator on “Star A voice recognition program translated a speech given by Richard F. Rashid,
Trek” comes true... Microsoft's top scientist, into Chinese.
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DNN: (Fully-Connected) Deep Neural Networks

Hinton, Deng, Yu, et al., DNN for AM in speech recognition, IEEE SPM, 2012

DEM-DMNN
REM DBM T wa=0
ABM - Wa : Wa Wy
[
GREM :WE WE E WET
Copy
[
| Wy Wy
First train a stack of N models each of Then compose them Then add outputs
which has one hidden layer. Each model into a single Deep Belief and train the DNN
in the stack treats the hidden variables  Network. with backprop.

of the previous model as data.
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RN i S CD-DNN-HMM
: @ @ @ @ @ : Dahl, Yu, Deng, and Acero, "Context-Dependent Pre-
: @ ! & ) | trained Deep Neural Networks for Large Vocabulary
: : tal b 24050 ¢ | Speech Recognition,” IEEE Trans. ASLE, Jan. 2012
| P DD @ © Obeervation Seide, Li, and Yu, "Conversational Speech

p 3 T i ranscription using Context-Depenaent Deep Neura
L g%__ L LR 7 promabie Transcription using C Dependent Deep Neural

1K h“"_ll: ui“li : 277 ] with bon Networks," INTERSPEECH 2011,
[ AT |

“w W l w
5 n‘ e 1| l

é%:ag ::"r‘_—,'] ::'__I"l Progress of spontaneous speech recognition
. 1=

L

_ ,—‘l—" 90%
_:-E . ¢ - t B 2 : _JObservation )
— - - 80%
&: 70%
. g 60%
After no improvement for 10+ years by the AL
. S  50%
research community... 5
; 40%
o little progress for 10+ yrs
MSR reduced error from ~23% to <13% .
(and under 7% for Rick Rashid’s S2S demo)! . MSR P Rashid

) Demo
0%
MMMMMMMMMMMMMMMMMMMM
oooooooooooooooooooo
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<code/conference>

Microsoft’s Skype “Star Trek” By fnafried
Language Translator Takes on a EE

ARTICLES
Tower of Babel

May 27, 2014, 5:48 PM PDT

0000 -

Analysts say the translation feature could have wide ranaing applications
Remember the universal translator on Star Trek? The gadget that let Kirk and Spock talk

to aliens?

. :
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Deep learning in computer vision

ImageNet: large scale image recognition bencvhmark

E.g., ImageNet provides
hundreds to thousands of
images for each category, aka
synset, in the WordNet.

container ship motor scooter

grille mushroom erry

\4

s .
adagascar cat

[Russakovsky, Deng, Fei-Fei, et al., 2014]

Xiaodong He

B Microsoft Research



Great success on ImageNet

IMAGE 2011 - 2015

Progress of object recognition (1k ImageNet)

30

Dramatic progress in recent years

thanks to deep CNN [LeCun, Bottou,
Bengio, Haffner, 1998, Krizhevsky, Sutskever,
Hinton, 2012].

shallow model

deep model
1st year

First time surpassed human-level
performance, now top5 err =

3.5% on ImageNet classification .\
[He, Zhang, Ren, Sun, 2015] *

/

3.5% error rate
Better than human

deep model

deep model 3 year

2d year

Top-5 classification error rate
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The focus of this tutorial

* |s not on speech or image,

» But on text processing and understanding tasks
» Statistical machine translation
« Conversation
* Information retrieval
* Image captioning
 Question answering
« EtC.
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A query classification problem

Given a search query q, e.g., "denver sushi downtown”

[dentify its domain ¢ e.qg.,

« Restaurant
- Hotel

- Nightlife

- Flight

. etc.

So that a search engine can tailor the interface and
result to provide a richer user experience

B Microsoft Research Xiaodong He



A single neuron modadel

» For each domain ¢, build a binary classifier
- Input: represent a query g as a vector of features x = [xy, ... x,,]"
« Output: y = P(1]q,c)
« g Is labeled c isP(1]q,c) > 0.5

* Input feature vector, e.g., a bag of words vector
« Regards words as atomic symbols: denver, sushi, downtown
- Each word is represented as a one-hot vector: [0, ..., 0,1,0, ..., 0]*
» Bag of words vector = sum of one-hot vectors

- We may use other features, such as n-grams, phrases, (hidden)
topics

Xiaodong He
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A single neuron modadel

Input features x —

=fffﬁ“1 i Output: P(1|q, ¢)
\tg/ O o=

1+exp(—2)
- z = Y=o WiX;

« w: weight vector to be learned 1 T
» z: weighted sum of input features
» ¢ the logistic function 03/

» Turn a score to a probability

- non-linear activation function, essential in il

DNN models T
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Model training: how to assign w

+ Training data: a set of (x(™), (M)
+ Input x™) € R™
. Output y™ = {0,1}

« optimize parameters w on training data
« minimize a loss function (e.g., mean square error loss)

« min}M_, L™
w

m=(1,2,.,m} P>

.+ where L(W =1 (£, (x(m) — y )’
 Using Stochastic Gradient Descent (SGD)

« Initialize w randomly

. Update for each training sample until convergence: wmew = wold — 2
P 9 P 9

B Microsoft Research Xiaodong He



Multi-layer (deep) neural networks

Output layer y° = a(wTy?)

Vector w

2st hidden layer y2 = a(W,y1)

Projection matrix W,

1st hidden layer y! = a(W;x)
Projection matrix W;

Input features x

[ with hidden features.

(topics).

Use back propagation (BP) algorithm for training

B Microsoft Research

This is exactly the single neuron model

Feature generation: project raw input
__features (bag of words) to hidden features

Xiaodong He



Standard Machine Deep Learning
Learning Process

decisions decisions
TRAINABLE TRAINABLE

HAND-ENGINEERED

e

Adapted from [Duh 14]

TRAINABLE

i
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Why Multiple Layers?

DL tutorial at NIPS' 2015

Hierarchy of representations with increasing level of abstraction

Fach layer is a trainable feature transform

Image recognition: pixel = edge = texton = motif = part = object

2?7 Text: character = word = word group = clause = sentence = story

Low-Level Mid-Level High-Level Trainable |
Featudre Featgre Featuge Classifier

B Microsoft Research Xiaodong He


https://media.nips.cc/Conferences/2015/tutorialslides/DL-Tutorial-NIPS2015.pdf

Different forms of DNN

» Classification task — label X by Y
« Multi-Layer Perceptron
« Convolutional NN
 Ranking task — compute the sim btw X and Y
 Slamese neural network [Bromley et al. 1993]
« Deep Semantic Similarity Model (DSSM)
» (Text) Generation task — generate Y from X
« Seq2Seq (RNN/LSTM)
* Memory Network

B Microsoft Research Xiaodong He



Deep Semantic Similarity Model (DSSM)

[Huang+ 13; Gao+ 14a; Gao+ 14b; Shen+ 14; Yih+ 15; Fang+15]

Compute semantic similarity btw text strings 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
« Also called "Deep Structured Similarity Model” in [Huang+ 13]

N S A

Machine translation Text in language A Translation in language  [Gao+ 14a]
B
Web search Search query Web document [Huang+ 13; Shen+ 14]
Image captioning Image Text caption [Fang+ 15]
Question Answering Question Answer [Yih+ 15]
Contextual entity linking Mention (in text) Entities (in Satori) [Gao+ 14Db]
Ad selection Search query Ad keywords

Sent2Vec (DSSM) http://aka.ms/sent2vec

. :
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http://research.microsoft.com/en-us/um/people/jfgao/paper/2013/cikm2013_DSSM_fullversion.pdf
http://research.microsoft.com/apps/pubs/?id=211749
http://research.microsoft.com/apps/pubs/?id=226918
http://research.microsoft.com/apps/pubs/?id=226585
http://research.microsoft.com/apps/pubs/?id=244749
http://research.microsoft.com/apps/pubs/?id=241127
http://aka.ms/sent2vec

26

DSSM: Compute Similarity in Semantic Space

Relevance measured . .. Ca
by cosine similarity sim(X, Y) Learning: maximize the similarity
between X (source) and Y (target)

128 128
A A

DSSM

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

B Microsoft Research Xiaodong He



27

DSSM: Compute Similarity in Semantic Space

Relevance measured . .. Ca
by cosine similarity sim(X, Y) Learning: maximize the similarity
between X (source) and Y (target)

128 128

A A Representation: use DNN to extract

abstract semantic representations

fC) g(.)

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

B Microsoft Research Xiaodong He



Convolutional DSSM cao- 14b: shen+ 14

Semantic layer: y =] :\/Iodel local context at the convolutional
ayer

Affine projection matrix: W,

Max pooling layer: v

Model global context at the pooling layer

/_w., .Sim% ptsin X (and Y)

Max pooling operation

A A
fC) g()
Convolutional layer: h, {| 300 [[f] 300 | .. [[]300 ]
Convolution matrix: W, T x
WiWo, ... W WiWs, .. W

Word hashing layer: f, | 30k || 30k || 30k | ... [ 30k || 30k | X %
Word hashing matrix: W; T T T T /‘\
Word sequence: x; <s> w; w3 wr <s>

Figure 1: Illustration of the C-DSSM. A convolutional layer
with the window size of three is illustrated.
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http://research.microsoft.com/apps/pubs/?id=226918
http://research.microsoft.com/apps/pubs/?id=226585

Sequence-to-Sequence Tasks

o = = = = = = ———————————

'SR
S
1 ;‘3 1
Input sequence — ancoder » = » decoder —— outputsequence
i Cgﬂ 1
L=
|_
- DNN w. memory

« Statistical Machine translation (SMT):

« A sentence in source language = A sentence in target language

« Conversation (chitchat):

« Context + message = response
 Question answering + recommendation dialog:

Knowledge base + context + question = answer/recommendation

Xiaodong He
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QA + Recommendation Dialog podge- 1]

Information/sentences Long-Term Shaolin Soccer directed_by Stephen Chow
. Memories h; | Shaolin Soccer written_by Stephen Chow
retrieved from KnOWIGdge Shaolin Soccer starred_actors Stephen Chow
bases, e.g., personal p rofile, Shaolin Soccer release_year 2001
Satori etc. Shaolin Soccer has_genre comedy

Shaolin Soccer has_tags martial arts, kung fu soccer, stephen chow

Kung Fu Hustle directed_by Stephen Chow

Kung Fu Hustle written_by Stephen Chow

Kung Fu Hustle starred_actors Stephen Chow

Kung Fu Hustle has_genre comedy action

Kung Fu Hustle has_1imdb_votes famous

Kung Fu Hustle has_tags comedy, action, martial arts, kung fu, china, soccer, hong kong, stephen chow

The God of Cookery directed_by Stephen Chow

The God of Cookery written by Stephen Chow

The God of Cookery starred_actors Stephen Chow

The God of Cookery has_tags hong kong Stephen Chow

From Beyymg with Love directed_by Stephen Chow

From Beyjmg with Love wriften_by Stephen Chow

From Be1ymg with Love starred_actors Stephen Chow, Anita Yuen
... <and more> ___

Short-Term ¢} | 1) I'm lookmg a fun comedy to watch tonight, any 1deas?

Conversation context Memories ¢} | 2) Have you seen Shaolin Soccer? That was zany and great.. really funny but in a whacky way.

Input c5 | 3) Yes! Shaolin Soccer and Kung Fu Hustle are so good I really need to find some more Stephen Chow
films I feel like there 1s more awesomeness out there that I haven’t discovered yet ...

Query

Output y | 4) God of Cookery is pretty great, one of his nud 90°s hong kong martial art comedies.

B Microsoft Research Xiaodong He



http://arxiv.org/pdf/1511.06931v3.pdf

End-to-End Memory Networks (MemNN)

[Sukhbaatar+ 15]
Retrieving long-term mem x o
. . o ¥ T
Embedding input L |
Welghted sum A u j -
m; = Ax; ( e
c; = Cx :M&» S |
A [ Cy E
U= Bq Sentences Pj E I A
« Attention over memories “Hﬂww f — \"% : HHHH ‘ :
Pi = SOftmaX(uTmi) ; [ ’ _ : Sentences
Generating (ranking) the final Embedding A ml“ ‘ ‘ ‘ H 2 |
answer E nnnn duct I
Embeddi
0 = X PiCi _g |
a = SOftmaX(W(O + U,)) ) qugﬁtm;‘ | b) Question g
1
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http://arxiv.org/pdf/1503.08895v5.pdf

Part Il

Deep learning in statistical
machine transiation (SMT)
and Conversation




Tutorial Outline

Part I: Background

Part ll: Deep learning in statistical machine translation (SMT)
 Review of SMT and DNN in SMT
« Deep semantic translation models
 Recurrent neural language models
 Neural network joint models
 Neural machine translation
 Neural conversation models

» Part lll: Deep Semantic Similarity Model and IR/NL Applications

« Part IV: NLU: Knowledge Base representation and Question answering
» Part V: Reinforcement learning in NLP

- Part VI: Image-language multimodal learning and inference

« Part VII: Conclusion
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Statistical machine translation (SMT)

S: MR AR £ RliBHY BE B Sk £4F&

T: Rescue workers search for survivors in collapsed houses

Statistical decision: T* = argmax P(T|S)
T

Source-channel model: T* = argmax P(S|T)P(T)
T

Translation models: P(S|T) and P(T|S)
Language model: P(T)

Log-linear model: P(T|S) =

1
Z(5.T) exp Zi Aihi (S, T)

» Evaluation metric: BLEU score (higher is better)
[Koehn 2009]

B Microsoft Research Xiaodong He



Phrase-based SMT

i A nEfipn EREEIFELE Chinese
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A taxonomy of neural nets in SMT [Duh 2014]

Core Engine: What is being modeled?
@ Target word probability:
» Language Model: [Schwenk et al., 2012, Vaswani et al., 2013,
Niehues and Waibel, 2013, Auli and Gao, 2014|
» LM w/ Source: [Kalchbrenner and Blunsom, 2013, Auli et al., 2013,
Devlin et al., 2014, Cho et al., 2014, Bahdanau et al., 2014,
Sundermeyer et al., 2014, Sutskever et al., 2014]
@ Translation/Reordering probabilities under Phrase-based MT:

» Translation: [Maskey and Zhou, 2012, Schwenk, 2012, Liu et al., 2013,
Gao et al., 2014a, Lu et al., 2014, Tran et al., 2014, Wu et al., 2014a]
» Reordering: [Li et al., 2014b]

@ Tuple-based MT: [Son et al., 2012, Wu et al., 2014b, Hu et al., 2014]

@ |ITG Model: [Li et al., 2013, Zhang et al., 2014, Liu et al., 2014]
Related Components:

@ Word Align: [Yang et al., 2013, Tamura et al., 2014, Songyot and Chiang, 2014]
@ Adaptation / Topic Context: [Duh et al., 2013, Cui et al., 2014]
@ Multilingual Embeddings:

|[Klementiev et al., 2012, Lauly et al., 2013, Zou et al., 2013, Kotisky et al., 2014,
Faruqui and Dyer, 2014, Hermann and Blunsom, 2014, Chandar et al., 2014]

——
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Examples of NN in phrase-based SMT

« Neural nets as components in log-linear model
« Translation model P(T|S) or P(S|T): the use of DSSM [Gao+ 14]
« Language model P(T): the use of RNN [Auli+ 2013; Auli & Gao 14]
* Joint model P(t;|S,t; ...t;—1): FFLM + source words [Devlin+ 14]

« Neural machine translation (NMT)

« Build a single, large NN that reads a sentence and outputs a translation
« RNN encoder-decoder [Cho+ 2014; Sutskever+ 14]

« Long short-term memory (gated hidden units)
- Jointly learning to align and translate [Bahdanau+ 15]
« NMT surpassed the best result on a WMT task [Luong et al. 15]

B Microsoft Research Xiaodong He


http://www.stanford.edu/~lmthang/data/papers/acl15_nmt.pdf

Phrase translation modeling

HUE AR fE B M BR B SR An (s, 1)
(BIE. rescue)
reseue . (N 1. workers)
workers . (f£. in)
#1535, collapsed)
h (8] 55 p
S . (55 2. house)
for (B, in)
survivors . (+F ?ﬁn search)
. (4L . survivors)
m . R O ) (FdR A . rescue workers)
collapsed (£ {3135, in collapsed)
(18115 [, collapsed)
houses ('] 55 <. house)

(<3-3K. search for)
(4R 4344, search for survivors)

: _ _NGY (#EiL 4. for survivors)
MLE: P(tlS) - Zt’ N(s,t") ({8135 1) B5)=. collapsed house)

Simple, but suffers the data sparseness problem

|
B Microsoft Research Xiaodong He




Deep Semantic Similarity Model (DSSM)

[Huang+ 13; Gao+ 14a; Gao+ 14b; Shen+ 14, Yih+ 15]

« Compute semantic similarity btw text strings 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
« Also called “Deep Structured Similarity Model” in [Huang+ 13]

« DSSM for NLP tasks
N N

Machine translation Text in language A Translation in language B
Web search Search query Web document

Image captioning Image Caption

Question Answering Question Answer

|
B Microsoft Research Xiaodong He




DSSM for phrase translation modeling

tji-1 tj PLAS [Gao, He, Yih, Deng, 2014]
... (the process of) | (machine translation) ! Target phrases
, Continuous representations of
D Y ; target phrases
D V.. Continuous representations of
L 1
A source phrases
...(le processus de) _ _ 5 Source phrases
Si—1 ¢ Si ; Si+1

Translation score as dot product of
feature vectors in the continuous space

» Two neural nets (one for source side, one for target side)
» Input: bag-of-words representation of source/target phrase
- Output: vector y, for source phrase, y; for target phrase

 Phrase translation score = dot product of these vectors
. score(s,t) = simg(Xs,X;) = Viy,
« Alleviate data sparsity, enable complex scoring functions, etc.

B Microscft Research Xiaodong He



Model training procedure

« Generate N-best lists using a baseline SMT system
» Oracle BLEU in N-best is much better than 1-best

« Optimize neural net parameters @ on the N-best lists of
training data

» Expected BLEU objective: xBleu(0) = Yregen(s;) P(T1S;)sBleu(T;, T)

- Update 0 with SGD: 0"¢" = 0 — naz;_(ee)l
0L(0) dL(0) dsimg(Xs,X¢)
where 00 Z(S»t) dsimg(x,X¢) 90

* Incorporate DSSM as a feature in log-linear model
 Feature weight is optimized using MERT on development data.
« No decoder modification

* Loop it desired

[Gao, He, Yih, Deng, 2014]
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N-gram language modeling

« Word n-gram model (e.g., n = 3)
« A word depends only on n-1 preceding words
« Pwywy owy) = P(w)P Wy |wl) [1i=z _n PWilwi_awi_4)
« Cannot capture long-distance dependency

the dog of our neighbor barks

» Problem of using long history model # parameters

- Rare events: unreliable probability estimates unigram  P(w;) 20,000
bigram  P(w,|w,) 400M

trigram  P(wgw,w,) |8 x 1012

4-gram  P(w,|w,w,w3) | 1.6 x 1077

[Manning & Schitze 99]
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Recurrent neural net for language modeling

m; Y: ) .
> barks m,: input one-hot vector at time step t
g U v - h;: encodes the history of all words up to time step t
°9 2 > y,: distribution of output words at time step ¢
W/ h — runs
t
Zt — Umt + Wht—l
- h; = 0(z;)
v ye = g(Vhy)
Table 1: Performance of models on WSJ DEV set when increas-
ing size of training data. where
[ Model [ #words | PPL | WER | _ 1 _ _exp(Zm)
0(z) =——— Zm) = o—— —
KNS5 LM 200K | 336 | 164 (2) 1+exp(-z)’ 9(zm) Y exp(zk)
KNS5 LM + RNN 90/2 200K | 271 | 15.4
KNS5 LM ™M 287 | 15.1
KNS LM + RNN 90/2 M| 225 | 140 g(.) is called the softmax function
KN5 LM 6.4M | 221 | 135
KNS5 LM +RNN250/5 || 6.4M | 156 | 11.7

[Mikolov+ 11]
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RNN unfolds into a DNN over time

e z, = Um, + Wh,_,
™ . he = o (z)
o [ v | [ ye = g(Vhy)
m,; | where
W h — 1 exp(Zm)
u t °@) = e 9% =3 et

B Microsoft Research Xiaodong He



RNN LM decoder integration [Auli & Gao 14]

« RNN LMs require history going back to start-of-sentence.
Harder to do dynamic programming.

» [0 score new words, each decoder state needs to maintain
h. For recombination, merge hypotheses by traditional n-
gram context and the best h

WMT12 Fr-En | WMT12 De-En
baseline (n-gram) 24.85 19.80
100-best rescoring 25.74 20.54
lattice rescoring 26.43 20.63
decoding 26.86 20.93

B Microsoft Research Xiaodong He



Joint model: language model with source

» P(t;|ti—2ti—1,S)

« How to model §7
» Entire source sentence or aligned source words
- S as a word sequence, bag of words, or vector representation
- How to learn the vector representation of 57?

 Neural network joint models based on
« RNN language model [Auli+ 13]
 Feedforward neural language model [Devlin+ 14]

B Microsoft Research Xiaodong He



Feed-tforward neural language model [Bengio+ 03]

T ST Tmmmm—_—_——=_— = ~
ot N - output
| wopu probability estimation layer |
YA -‘ pl -
wi-ni1l o projection —L P(wi=1h;)
Cisco | . layer hidden gy
: layer :
' ! = guidance
| - | M b+ b, ?.|h:,\
A\ N :
| ,_,_) o] vV : hlgfk; o
u?j_n_|_2| ® shared . : I probability
| I_ projections X
Issued :
o / - 3
wWi_1 | P .
f? e - : | PN = Boston
€arnings, N d .| P(w;j=N|hj;)
| Er N l
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Joint model of [Deviin+ 14]

3 4 5 6, ) T_ y
S: #F [#||HL| ||| 4] 7| ]
j will get money to pertf. them

2 1T, 0 I |
T: |i||will| [get| ithei money to them

P(the | get, will, i, &, Hi, ¥, 25, 1)

« Extend feed-forward LM to include window around
aligned source words.

* Heuristic: if align to multiple source words, choose middle; if
unaligned, inherit alignment from closest target word

» Train on bitext with alignment; optimize target likelihood.

B Microsoft Research Xiaodong He



Neural machine translation
[Sutskever+ 14; Cho+ 14; Bahdanau+ 15]

» Build a single, large NN that reads a sentence and outputs a
translation

» Unlike phrase-based system that consists of many component models

« Encoder-decoder based approach

« An encoder RNN reads and encodes a source sentence into a fixed-
length vector

A decoder RNN outputs a variable-length translation from the encoded
vector

« Encoder-decoder RNNs are jointly learned on bitext, optimize target
likelihood

B Microsoft Research Xiaodong He



Fncoder-decoder model of [Sutskever+ 2014]

« 'A B C" s source sentence; "W XY /" Is target sentence

<EQS>

P
|

W
A

A

s — [—> x
b —

T T T *
A B C <EOS> Z

« Treat MT as general sequence-to-sequence transduction
« Read source; accumulate hidden state; generate target
« <EOS> token stops the recurrent process

* In prlactice, read source sentence in reverse leads to better MT
results

« Jrain on bi-text;, optimize target likelihood using SGD

B Microsoft Research Xiaodong He



Potentials and difficulties of RNN

* In theory, RNN can “store” in h all —
information about past inputs v, v

A\ 4

 But in practice, standard RNN cannot f

capture very long distance dependency
« Vanishing/exploding gradient problem in backpropagation he;
» Not robust to noise

A 4
A\ 4

» Solution: long short-term memory u v
(LSTM) =D

‘‘‘‘‘

delayed

B Microsoft Research Xiaodong He



A long short-term memory cel
[Hochreiter & Schmidhuber 97; Graves+ 13]

it = 0 (Waimy + Whihy—1 + Weici—1 +b;)
fo=0(Wyszy + Whrhi—y + Wepeioy +by)
¢t = frci—1 + i tanh (Wyeay + Wiehy—1 +be)
0t = 0 (Waoms + Whohi—1 + Weocy + bo)

ht = o; tanh(c;)

Information flow in an LSTM unit of the RNN, with both diagrammatic and mathematical descriptions. W's are weight matrices
not shown but can easily be inferred in the diagram (Graves et al., 2013).

Xiaodong He
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A 2-gate memory cell [Cho+ 14

—

ri =ao ([W»p}{j -+ [Urh{t—l}]j)

Zj =0 ([sz}j T [UZh{t_D]j)

—h—"—lh—x

Figure 2: An illustration of the proposed hidden
activation function. The update gate z selects )
whether the hidden state is to be updated with J
a new hidden state /. The reset gate r decides
whether the previous hidden state is ignored. See

I??;t} — g-'} ([WX + {U (I‘ ® h<t_1}n3)

t—1
= z; h.é- )
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Joint learning to align and translate

e [ssue with encoder-decoder model for SMT

- Compressing a source sentence into a fixed-length vector
makes it difficult for RNN to cope with long sentences.

 Attention model of [Bahdanan+ 15]

» Encodes the input sentence into a sequence of vectors and
choose a subset of these vectors adaptively while decoding

« An idea similar to that of [Devlin+ 14]

B Microsoft Research Xiaodong He



Attention model of [Bahdanan+ 15]

« Encoder:

e bidirectional RNN to encode each word and
Its context

« Decoder:

« Searches for a set of source words that are
most relevant to the target word to be
predicted.

» Predicts a target word based on the context
vectors associated with these source words
and all the previous generated target words.

» Close to state-of-the-art performance
- Better at translating long sentences

B Microsoft Research Xiaodong He



MSR's Neural Conversation Engine

A more goal-oriented example. No grounding into a real calendar,
but the “shape” of the conversation is fluent and plausible...

would thursday afternoon work sometime ?

yeah, sure . just let me know when you ‘re free .

after lunch is probably the best time

okay , sounds good . just let me know when you ‘re free .
would 2 pm work for you ?

works for me .

well let ‘s say 2 pm then i ‘ll see you there

sounds good .

< III I T

[Sordoni+ 15; Li+ NAACL16; Li+ ACL16]
Neural model learns the general shape of conversation, and
the system output is situationally appropriate and
coherent...

H: hi

M: how are you ?

H: not bad

M: what 's wrong ?

H: nothing really

M: wan na talk about it ? i 'm here if you wan na talk x
H: well, i 'm just tired

M: me too, i 'm here if you wan na talk

H: thanks , what are you doing ?

M: you 're welcome and i 'm watching tv and you ?
H: on netflix ?

M: yeah , i 'm watching it on netflix .

H: what are you watching ?

M: a tvshow .

H: nice , did you have dinner already ?

M: no, not yet . what about you ?

B Microsoft Research

Generating responses vs. retrieving responses

Easy to incorporate contextual info via embedding
- User profile — personalized conversation
- knowledge bases — grounded conversation

The engine is E2E learned from conversation experience
- Learning a goal-oriented conversation engine via RL

Xiaodong He


http://research.microsoft.com/apps/pubs/?id=241719
http://arxiv.org/abs/1510.03055
http://arxiv.org/abs/1603.06155

Neural Response Generation: The Blandness Problem

How was your weekend?

I don’t know.

What did you do?
ﬂ I don’t understand what you are talking about. >
This is getting boring...

Yes that’s what I'm saying.

. :
B Microsoft Research Xiaodong He




Blandness problem: cause and remedies

[Li et al., NAACL 2016]

Common ML objective (maximum likelihood)

p(target|source) |
(whatever the user says) —— I don’t know. u

I don’t understand...

That’s what I'm saying

Mutual information objective:

p(target|source)

(whatever the user says) — [ don’t know. u
(whatever the user says) D E— I don’t know. Q
p(source|target)
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Beyond blandness: Examples

Wow sour starbursts really do make your mouth water... mm drool.
Can I have one?

Of course you can! They're delicious!

Milan apparently selling Zlatan to balance the books... Where next, Madrid?

n I think he'd be a good signing. i
R

‘tis a fine brew on a day like this! Strong though, how many is sensible?

Depends on how much you drink!

Well he was on in Bromley a while ago... still touring.

I’ve never seen him live.

. :
B Microsoft Research Xiaodong He




A Persona-Based Conversational Model

Why? Motivation is to model:
« personal background
« behavioral and stylistic differences (e.q., introvert vs. extrovert)

Better at “explaining away” conversational data:

Where were you born? London

Conversation data
Where did you grow up? New York is badly entangled!
(N-to-1, 1-to-N)

Where do you live? Seattle

B Microsoft Research Xiaodong He



A Persona-Based Conversational Model

Why? Motivation is to model:
« personal background
« behavioral and stylistic differences (e.q., introvert vs. extrovert)
Better at “explaining away” conversational data:
Where were you born? >< London
Where did you grow up? New York

Where do you live? > Seattle p(T| S, PERSON.943 )

L
-
3
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Personalized Response Generation

< 13 i
< Flynny?2 *] u.s. london | o
~ england =
1= . Rob_712] ¢| great Py
§ icaliivvalid g gOOd E
= Bob_Kelly2 - %
@ Kigr~rittne Sy monday live kay | £
ke £ his ' tuesday =
5 @ Dio /5 stay =
U) 50 L S -;0 8 ‘ ;
: C T :
where do you live : Rob EOS Rob in Robengland Rob
|
0000 0000 0000 0000 | Y Y Y AR XXX 0000 0000 0000 0000 0000 0000
A\ 4 A\ 4 A\ 4
0000 > 0000 > 0000 > 0000 > 0000 > 0000 > 0000 > 0000
,, l l |
in england : EOS
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Sample outputs

Userl

message
response
message
response
message
response
message
response

Where 1s your hometown?
I’m from|England. |

Where are you from?

I’'m from

In which city do you live now?
I live in| London.i

In which country do you live now?
I live in

message
response
message
response

User2

message
response
message
response
message
response
message
response

Where is your hometown?
I live inlIndonesia.I
Where are you from?
England, you?

In which city do you live now?
L live infjakarta)

In which country do you live now?
I live inlIndonesia.l

What is your major?

Business. You?

What did you study in college?
I did business studies.

message
response
message
response

How old are you?
I’'m 18.
What is your age?
'm 18.

message
response
message
response

What is your major?

Business, you?

What did you study in college?
Psychology, you?

B Microsoft Research

message
response
message
response

How old are you?
'm 18.
What is your age?
['m 16.
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Sample outputs

Userl

message
response
message
response
message
response
message
response

Where 1s your hometown?

[’m from England.

Where are you from?

[’m from England.

In which city do you live now?

I live in London.

In which country do you live now?
I live in England.

User2

message
response
message
response

What is your major?
‘Business) You?

What did you study in college?
I didstudies.

message
response
message
response

message
response
message
response
message
response
message
response

Where 1s your hometown?

I live in Indonesia.

Where are you from?

England, you?

In which city do you live now?

I live in Jakarta.

In which country do you live now?
[ live in Indonesia.

How old are you?
I’'m 18.
What is your age?
'm 18.

message
response
message
response

What is your major?

Business, you?

What did you study in college?
Psychology, you?

B Microsoft Research

message
response
message
response

How old are you?
'm 18.
What is your age?
['m 16.
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Sample outputs

Userl

User2

message
response
message
response
message
response
message
response

Where 1s your hometown?

[’m from England.

Where are you from?

[’m from England.

In which city do you live now?

I live in London.

In which country do you live now?
I live in England.

message
response
message
response

What is your major?

Business. You?

What did you study in college?
I did business studies.

message
response
message
response
message
response
message
response

Where 1s your hometown?

I live in Indonesia.

Where are you from?

England, you?

In which city do you live now?

I live in Jakarta.

In which country do you live now?
[ live in Indonesia.

message
response
message
response

How old are you?

What is your age?

message
response
message
response

What is your major?

Business, you?

What did you study in college?
Psychology, you?

B Microsoft Research

message
response
message
response

How old are you?
'm 18.
What is your age?
['m 16.
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Interim summary

» Part I: Background
* A brief history of deep neural networks (DNN)
« An example of neural models for query classification
» Different forms of DNN for classification/ranking/generation tasks

Part |l: Deep learning in statistical machine translation and conversation
 Review of SMT and DNN in SMT

Deep semantic translation models

Recurrent neural language models

Neural network joint models

Neural machine translation (Seq2Seq models)

« Neural conversation models (Seq2Seq models)

Part lll: Learning semantic representations
Part IV: Natural language understanding
Part V: Conclusion
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Part 1l

Deep Semantic Model and
IR/NL Applications




Deep Semantic Model and IR/NL
Applications

« Deep semantic similarity model (DSSM)
« DSSM for Information Retrieval
« DSSM for entity ranking

« Semantic document classification & sentiment
analysis

B Microsoft Research Xiaodong He



Learning continuous semantic representations for

natural language
e.g., from a raw sentence to an abstract semantic vector (Sent2Vec)

Abstract representation w

in the semantic space
P W4 t

/
W;
each non-linear layer gradually
extracts deeper invariance
w, 4
w, 4
Raw text, eg. 2

sequence of words

a man is reading the new york times

B Microsoft Research Xiaodong He



Sent2Vec is crucial in many NLP tasks

Web search
Ad selection
Contextual entity ranking

Online recommendation

Machine translation
Knowledge-base construction
Question answering
Personalized recommendation

Image search

Image captioning

H
B Microsoft Research

search query
search query
mention (highlighted)

doc in reading

phrases in language S
entity
pattern | mention

user

query
image

web documents
ad keywords
entities

interesting things / other docs

phrases in language T
entity

relation | entity

app, movie, etc.
Image

text

Xiaodong He



The supervision problem:

F However

« the semantic meaning of texts —

anil@ to be learned — is latent
W,
* no clear target for the model to
learn
A | * How to do back-propagation?
w, 4
rortunately
w, 4 « we usually know if two texts are
“similar” or not.

 That's the signal for semantic

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

B Microsoft Research Xiaodong He



Deep Structured Semantic Model

Deep Structured Semantic Model/Deep Semantic Similarity Model (DSSM)

project the whole sentence to a continuous semantic space — e.qg., Sentence to
Vector.

The DSSM is built upon characters (rather than words) for scalability and
generalizability

The DSSM is trained by optimizing an similarity-driven objective

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

B Microsoft Research
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Character-level coding (a.k.a. word hashing)
_0_
: The index of word cat

» E.g., character-trigram based 1| < in the vocabulary
Word Hashing of "cat” x (cat) = |0
- -> #cat# :

« Tri-characters: #-c-a, c-a-t, a-t-#.

nl
Compact representation ﬂ
- |Voc| (500K) = |Char-trigram| (30K)

| 1 Indices of #c-a, c-a-t, a-t-# in the
Generahze O unseen V\/OI’dS f(cat) = |4 letter-tri-gram list, respectively.

I
e

Robust to misspelling,

inflection, 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 code (collision)? 500K 30621 22 (0.004%)

B Microsoft Research Xiaodong He



Learning character-trigram embedding vectors

Learn one vector per character-trigram (CTG), 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
'[‘ K
dim v(cat) = Z(acat,k 'H)

\l, k=1
A 11 QJ T T
1,..0... 1,... 1. Count of CTG(k)

K < tE:)taI Iet".t'ér-trigcgraa;cﬁs i in the word “cat” u:The vector of CTG(k)/

B Microsoft Research Xiaodong He



DSSM: built at the character-level

Decompose any word into set of context-dependent characters

embedding vector W-UxV embedding vector
dim=500 | ﬂ dim=>500 Char-trigram embedding
word embedding QIS matrix: 500 x 50K

<Efj matrix: 500 X 100M im0
ord hashing using
<:ﬁ char-trigram

dim = 100M dim = 100M
Bag-of-words vector Bag-of-words vect(k

Could go up to extremely large

Preferable for large scale NL tasks
Arbitrary size of vocabulary (scalability)
Misspellings, word fragments, new words, etc. (generalizability)

B Microsoft Research Xiaodong He



DSSM: a similarity-driven Sent2Vec model

Initialization:

Neural networks are initialized with random weights

Semantic vector Vs —% Uyt %

Char-trigram d=500 d=500
embedding matrix — W, t W, t
Char-trigram encoding dim = 50K dim = 50K
matrix (fixed) — W,, t Wi t

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

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



DSSM: a similarity-driven Sent2Vec model

Training:
w
cos(Vs, Vy+) @ cos(vg, Vp-)

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

—

V-

Char-trigram
embedding matrix — S w W

52 t2
Char-trigram encoding dim = 50K
W t

matrix (fixed)

W,

. s 1 )1
Bag-of-words vector dim = 100M dim = 100M

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




DSSM: a similarity-driven Sent2Vec model

Runtime:
@ similar @ apart
vS - vtl xj

%
W 4 t Wia
%
W, t W,

Semantic vector S

53 3
Char-trigram d=500 d=500
embedding matrix — W, t W,
Char-trigram encoding dim = 50K dim = 50K
matrix (fixed) — W,, t Wi t

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

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



Training objectives

Objective: cosine similarity based loss
Using web search as an example:

« aquery q and a list of docs D = {d*,d7, ...dg}
- d* positive doc; d7,...dg are negative docs to g ( e.g., sampled from not clicked docs)

« Objective: the posterior probability of the clicked doc given the query

exp (y cos(ve(q), ve(d™)))
Yaep exp (v cos(ve(q), ve(d)))

e'g'/ v(—)(Q) — U(Ws,4 X U(WS,B X U(Ws,z X ltg(CI)))

Pg(d™lq) =

vg(d) = oWy X o(Wy3 X a(Wy, X ltg(d)))
where 6 = {Wy,._4, W, 54}, a() is a tanh function.

B Microsoft Research
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Optimization

« Optimize 8 to maximize P(d*|q).
* @ is randomly initialized

« SGD training on GPUs aP<d+|q> . @< )
e.g. NVidia K40 *

j@ d=300 300
~w, 1 [ l
@D
l W3 l' W3 ‘
‘%
Wz l Wi, l, Wi, 'y
W, Wi,

: “racing car” t*: “formula one” t- “racing to me”

Please refer to the full version of the paper for detailed derivation.
[Huang, He, Gao, Deng, Acero, Heck, 2013]

Xiaodong He
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Using Convolutional Neural Net in DSSM

e = Model local context at the convolutional layer
Model global context at the pooling layer

Max pooling layer: v

Max pooling operation

Convolutional layer: h;

Convolution matrix: W,

Word hashing layer: f, | 30k || 30k || 30k | ... | 30k |[ 30k |

Word hashing matrix: W T T T T /‘\

Word sequence: x; <s> Wy w; wr <s>

Figure 1: Illustration of the C-DSSM. A convolutional layer
with the window size of three is illustrated. Figure credit [Shen, He, Gao, Deng, Mesnil, WWW2014]

Strong performance on many NLP tasks

Information Retrieval: [Shen, He, Gao, Deng, Mesnil, WWW?2014 & CIKM2014], Entity Ranking: [Gao, Pantel,
Gamon, He, Deng, Shen, EMNLP2014], Question answering: [Yih, He, Meek, ACL2014; Yih, Chang, He, Gao,
ACL2015], Recommendation [Elkahky, Song, He, WWW?2015], Spoken language understanding [Chen,
Hakkani-Tur, He, ICASSP2016]...

B Microsoft Research Xiaodong He



/ [ [ 300 []f[l300 [} \
— What does the model learn at the / /\ g

convolutional layer? s e -
Capture the local context dependent wetd sense o
e Learn one embedding vector for each-ocal context- \ auto  body repair ... /

dependent word

he = We X [fe—1, [t fraal

semantic space

auto body repair
car body shoplcar body kits
auto body part

The similarity between different “body” within contexts

similarit

J

0.698 similarity
0.578 5
wave hady language, 0555 -
forcefield body armouy 0.301
calculate body fat 0.220 o
forcefield body armour 0.165 ] ow

similarity
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CDSSM: What happens at the max-
pooling layer?

« Aggregate local topics to form the global intent

» |dentify salient words/phrase at the max-
pooling layer where i=1,...,300

|| 300 [[[[[300 | ... [[[300 [

N R

v(i) = tgllng{ht(i)}

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

[ [ autd[bodjf repaid cost[ calculatoyL software ]

Usually, those are salient words containing clear intents/topics

B Microsoft Research Xiaodong He



DSSM for Information Retrieval

 Training Dataset

« Mine semantically-similar text pairs from Search Logs, e.g., 30 Million (Query,
Document) Click Pairs

how to deal with Stuffy nose? Best Home Remedies for Cold and Flu
Wind 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 h omer emedl es and flu viruses that you will likely encounter, and

158

[Gao, He, Nie, CIKM2010]
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Experimental Setting

. Testmg 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

« Evaluation Metric: (higher the better)
NDCG

30%
25%

« Using NVidia GPU K40 for training g

15% + — — —
10% + — — —
0% -

—

Dist. of query and doc title length

Query
W Doc Title
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Results

[Shen et al. CIKM2014]

NDCG@1 Results

35

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
e N
30 E— E—
1 2

& 5 6 7
1.6 31.5 32.7 34.8

3
B NDCG@1 30.5 30.4 30.5 3
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Fxample: semantic matching

 Semantic matching of query and document

[ \autdtbodj{repai[ cost[calculatoyL software ]
%

N
NS
~
AN

SO~
Ss

S
******
EEE s i T
~ ~ -
~ ~
\~ ~o
N \\s

( [ 264 [ 170 | 234 | | 2739 } 132 ][ 231 | | 224 J[ 186 | ) Most active neurons at

- 7 the max-pooling layers of
( ) the query and document
| | 264 | 17;) | [214} | 229 "N ER 2;4 i 1:6J ) nets(,qlrjesgectively )

[ free onliné\ carhboﬂdy]shop[ repairIestim'ates ]]

B Microsoft Research Xiaodong He



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 [\/ltamln][d ]

[ (0o [ . ] (e [ o b Most active neurons at
> — ) the max-pooling layers of
> S — > the query and document
3 E3 3 BB E3ER nets, respectively

-

[ [calcium]supplements and[vitamiri d discussion stop[sarcoidosisJ ]
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Recurrent DSSM

* Encode the word one by one in the recurrent hidden layer

* The hidden layer at the last word codes the semantics of the full sentence
« Moaodel is trained by a cosine similarity driven objective

Embedding vector/_\
loooo' i‘un’
Wrec Wrec Wrec V / \ / '\

y(D) 2 = -~ —[0

TW TW W ,000000\ ;00000\
11A(1) L(2) L (m)
W, W, T W,
x(1) x(2) x(m)
w1 w2 W

m

[Palangi, Deng, Shen, Gao, He, Chen, Song, Ward, 2015]

B Microsoft Research
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Using LSTM cells

LSTM (long short term memory) uses [Hochreiter and J. Schmidhuber, 1997]
special cells in RNN

Embedding vector

wl‘l‘(‘ err err v’
y(1) y(2) - —[y(m)]
~n [ L

W w W.

mros I ETEN ] - R
“Wh “W;, I W,

| x(1) | | x(2) ] [ x(1m) | . ;

f1(f)

y (t (W4ll ) + Wrec4Y(t — ]-) + b4) 2

( x()
i(t) = o(Wsli(t) + Wieeay (t = 1) + Wze(t — 1) + by)
f(t) = o(Wali(t) + Wieeay(t — 1) + Wpace(t — 1) + by)
c(t) =f(t)oc(t = 1) +i(t) oy,(t)
o(t) = c(Wili(t) + Wieary(t — 1) + Wy,ic(t) + by)

y(t) = o(t) o hic(t)) (2)
Figure 2. The basic LSTM architecture used for sentence embed-

where o denotes Hadamard (element-wise) product. ding

[Palangi, Deng, Shen, Gao, He, Chen, Song, Ward, Deep Sentence Embedding Using the LSTM network:
Analysis and Application to IR, IEEE TASL, 2016]

B Microsoft Research
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Results

Model

NDCG@1

NDCG@3

NDCG@ 10

BM25

30.5%

32.8%

38.8%

PLSA (T=500)

30.8%

33.7%

40.2%

DSSM (nhid = 288/96), 2 Layers

31.0%

34.4%

41.7%

CLSM (nhid = 288/96), 2 Layers

31.8%

35.1%

42.6%

RNN (nhid = 288), 1 Layer

31.7%

35.0%

42.3%

LSTM-RNN (ncell =96), 1 Layer

33.1%

[wml STM-RNN

LSTM learns much faster
than reqgular RNN

LSTM effectively represents
the semantic information of
a sentence using a vector

H
B Microsoft Research
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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

DSSM: distance between cosine
embedding vectors similarity

. . vector
Trainingdata: N[ /77 ,

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

(e.g., query<->doc search log) m
Input: q_
AE: 1-hot word vector
DSSM: sub-word unit m

(29, letter-trigram)

source sentence target sentence

Xiaodong He
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More comparison: DSSM vs. SegZseq

Embedding vector

Embedding vector

Wl'e('
y(1) y(2)
1\ A
W W
11(1) 11 2
4 4
W[, Wh

| x(1) | | x(2) |

Source sentence

DSSM optimizes sentence-level semantic similarity

VS.
Embedding vector N X Y z <EOS>
~1 1 T T
A B C <EOS=> W X Y 7

Source sentence

Seq2Seq optimizes word-level cross-entropy
[Sutskever, Vinyals, Le, 2014. Sequence to Sequence Learning with Neural Networks]
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Contextual Entity Ranking

Given a user-highlighted text span representing an entity of
interest, search for supplementary document for the entity

(1) The perthelion of Mercury shows a discrepancy which has
— ) I
long puzzled astronomers. This discrepancy 1s fully accounted

for by Einstemn. At the time when he published his theory, this ,
¢ I . . ) » e .
was 1ts only experimental verification. : Entity page

(e.g., wiki doc)

(2) Modern physicists were willing to suppose that light might be
subject to gravitation—i e assing near a great
1ass 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 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

Key phrase

among a number of bright stars. Fortunately a peculiatly favour-
able eclipse occurred last year. The results of the observations

Gao, Pantel, Gamon, He, Deng, Shen, "Modeling interestingness
with deep neural networks” EMNLP2014
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Learning DSSM tfor contextual entity ranking

The Einstein Theory of Relativity Ray of Light (Experiment)

(1) The perthelion of Mercury shows a discrepancy which has Whet would hoppen

I could travel riding “-
a beam of light?
Would I see

long puzzled astronomers. This discrepancy 1s fully accounted
for by I".I'H\‘iﬁ-l'u. 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.c., that afay of lightfpassing 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

Ray of Light (Song)

Ray of Light is the

ray of light

1998 by Maverick Records

[ ) birth to her daughter Lour
. ¢
° started working on her new album with
m producers Babyface, Patrick Leonard an

Release date

b =

Awards
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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
7 AN
* a3
2 W

*5 Q Article Talk Read Edit View history Q

0!

| spent a lot of time finding music that was motivating and - A b fhand)
5 us an
that I'd also want to listen to through my phone. | could it e ——

find none. None! | wound up downloading three Metglica ki R R

Bush are a British rock band formed in London in

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

http://runningmoron.blogspot.in/

Dog g eapeds with the release of their debut album Sixteen
Wikimedia Shop , X
i , Which is certified 6x multi-platinum
Interaction by the RIAA P Bush went on to become one of
the most commercially successful rock bands of
ut Wikipedi . .
the 1990s, selling over 10 million records in the
mmmmmmm ity portal
t chang United States. Despite their success in the United
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’)

B Microsoft Research Xiaodong He
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Contextual Entity Search: Experimental Settings

- Training/validation data: 18M of user clicks in wiki pages

» 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

B Microsoft Research Xiaodong He



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 Conv. DSSM
B NDCG@1 mAUC

« DSSM: bag-of-words input
e Conv. DSSM: convolutional DSSM
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Some related work

Deep CNN for text input
Mainly classification tasks in the paper

Sequence to sequence learning

Paragraph Vector
Learn a vector for a paragraph

Recursive NN (ReNN)
Tree structure, e.q., for parsing

Tensor product representation (TPR)
Tree representation

Tree-structured LSTM Network
Tree structure LSTM

[Kalchbrenner, Grefenstette, Blunsom, A Convolutional
Neural Network for Modelling Sentences, ACL2014]

[Sutskever, Vinyals, Le, 2014. Sequence to Sequence
Learning with Neural Networks]

Quoc Le, Tomas Mikolov, Distributed Representations
of Sentences and Documents, in ICML 2014

[Socher, Lin, Ng, Manning, “Parsing natural scenes and
natural language with recursive neural networks”, 2011]

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

[Tai, Socher, Manning. 2015. Improved Semantic
Representations From Tree-Structured LSTM Networks.]

B Microsoft Research

Xiaodong He



Interim summary

Learn Sent2Vec by the DSSM (0pen Source: http://aka.ms/sent2vec/)

« The DSSM projects the whole-sentence to a continuous space

« The DSSM is built on the character level
« The DSSM directly optimizes semantic similarity objective functions

Xiaodong He

B Microsoft Research


http://aka.ms/sent2vec/

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

http://csunplugged.org/turing-test
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Natural Language Understanding

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

« Knowledge Base Embedding

» KB-based Question Answering &
Machine Comprehension

http://csunplugged.org/turing-test
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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]
* GloVe [Pennington+ 14]

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

B Microsoft Research Xiaodong He



Semantic Embedding

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

Captures the word meaning in a semantic space ) e
e IR
06. ;)'.1-'.:"".".'.."..’;;4'. e
0.4 B b BT ey sf.p:’zrlng
o N .:.‘ '00' ‘e L Yo opais %, o

02

f(cat) = a.k.a the 1-hot word embedding = 4| b it o
word vector vector in the N cogat ottt T,
: o e W e i
/ > SemantIC Space 05 .\5“:.: ,'".::.;‘...:i:.‘:. de'n.\.l'er;...:i
. « ge ; ,:’..,.:‘. ':;.:u' ." .'.°'.':'...:,' oy
The index of “cat” in Speigg A
the vocabulary °

Dim=100~1000

Dim=|V|=100K~100M
Deerwester, Dumais, Furnas, Landauer,
Harshman, "Indexing by latent
semantic analysis," JASIS 1990

B Microsoft Research Xiaodong He



Why is Word Embedding Usetul?

» Lexical semantics — semantic word similarity
» Used as features in many NLP applications
* e.9., Question/Sentence matching [Yih+ ACL-13; Jansen+ ACL-14]

What is the fastest car in the world?

TN

The Jaguar XJ220 is the dearest, fastest and most sought after car on the planet.

« Simple semantic representation of text
« Represent longer text using average of the word vectors
* €.79., entity [Socher+ NIPS-13], quUestion [Berant&Liang ACL-14]
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Why is Word Embedding Usetul? (Contd)

» "Pre-training” of a neural-network model

- Take word vectors trained on a general corpus as input
» €.9., Recursive NN for parsing [Socher+ ICML-11]

Parsing Natural Language Sentences

Church)

T ‘---‘-\.%_yp A small crowd
L N2 quietly enters

% I\I,EI:IID zcjy;%; the historic

‘Asmall qwetly ”‘up church
crowd enters Det _Ad'__._,.----f""i P Semantic
‘ é 2 Representations
‘ Indices
the ) lhistoric)

Words

B Microsoft Research
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Roadmap — Continuous Word Representations

« Samples of word embedding models

« Latent Semantic Analysis (LSA), Recurrent Neural Networks
« SENNA, CBOW/Skip-gram, DSSM, GloVe

» Evaluation
« Semantic word similarity
» Relational similarity (word analogy)

 Related work
- Model different word relations
» Other word embedding models

B Microsoft Research Xiaodong He



Latent Semantic Analysis

. k Xk kXn

dXn d Xk

terms

N

N
7

documents

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

B Microsoft Research Xiaodong He



RNN-LM Word Embedding

Word Embedding

cat > s(t) >

-
@ v chases
g

P ™\ —1
|

{
S g —> s

— —

(delayed)

Mikolov, Yih, Zweig, “Linguistic
Regularities in Continuous Space
Word Representations,” NAACL
2013

B Microsoft Research Xiaodong He



SENNA Word Embedding

Scoring:

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

J=max(0,1+5~ —S¥) Update the model until S* > 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,
.._.. 9000 0000 0000 0000
Collobert, Weston, Bottou, Karlen, E — ) ‘
Kavukcuoglu, Kuksa, “Natural Language . T T T T T
Processing (Almost) from Scratch,” JMLR Word embedding  cat chills  on d mat
2011

B Microsoft Research
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CBOW/Skip-gram Word Embeddings

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT
wi(t-2) /; wit-2)
w(t1) wit-1)

SUM //’
E— wit) wi(t) — -
wit+1) \\ wit+1)
]
wit+2) wit+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 Word 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 im =
(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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Fvaluation: Semantic Word Similarity

 Data: word pairs with human judgment (e.g., WS-353, RG-65)

___Word1 | Word2 | Human Score (mean)_
midday noon 9.3
tiger jaguar 8.0
cup food 5.0
forest graveyard 1.9

« Correlation of the ranking of word similarity and human judgment
- Spearman’s rank correlation coefficient p

« Word embedding models individually usually do not achieve the
state-of-the-art results (cf. ACL Wiki Similarity (State-of-the-art))

B Microsoft Research Xiaodong He
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Fvaluation: Relational Similarity (Word Analogy)

. ?
king : queen = man : woman

» 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?

Building a general “relational similarity” model is 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 -
41.5% 0.324
03 - ~
3 0.229
s 02 -
-
©
(D)
S 0.1 -
0.018 0.014
0 A | [
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Similar Results Observed on Other Datasets

« MSR syntactic test set [Mikolov+ 2013]
* 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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Fvaluation on Word Analogy

The dataset contains 19,544 word analogy questions:
Semantic questions, e.g.,: "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 from (Mnih et al., 2013); skip-gram (SG) and CBOW from (Mikolov et al.,, 2013a,b);
GloVe from (Pennington+, 2014)

. :
B Microsoft Research Xiaodong He




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

B Microsoft Research Xiaodong He



Related Work — Model Different Word Relations
Tomorrow Tomorrow
will be rainy. will be sunny.
Similar%sunny)?

antonym(rainy, sunny)?

« Multi-Relational Latent Semantic Analysis [Chang+ EMNLP-04]
frei(®, ®) ~ | XIT xm

B Microsoft Research Xiaodong He



Related Work — Word Embedding Models

 Other word embedding models

« [Wang+ EMNLP-14], [Bian+ ECML/PKDD-14], [Xu+, CIKM-14], [Faruqui+
NAACL-15], [Yogatama+ ICML-15], [Faruqui+ ACL-15]

* Analysis of Word2Vec and Directional Similarity

» Linguistic Regularities in Sparse and Explicit Word Representations [Levy
& Goldberg CoNLL-14]

« Neural Word Embedding as Implicit Matrix Factorization [Levy & Goldberg
NIPS-14]
» Theoretical justification and unification
- Word Embeddings as Metric Recovery in Semantic Spaces [Hashimoto+
TACL-16]

« New Evaluation: RelEval@ACL-16 — Evaluating Vector Space
Representations for NLP

B Microsoft Research Xiaodong He
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Natural Language Understanding

Continuous Word Representations & Lexical Semantics
Knowledge Base Embedding

* Nickel et al., "A Review of Relational Machine Learning for
Knowledge Graphs”

« KB-based Question Answering & Machine Comprehension

http://csunplugged.org/turing-test

B Microsoft Research Xiaodong He



Knowledge Base

« Captures world knowledge by storing properties of millions of

entities, as well as relations among them

) 94}

chiIV 'wof
ek —

chnc% ' %”dﬂc

B Microsoft Research

AT
N

.

Freebase
DBpedia
YAGO
NELL

OpenlE/ReVerb
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Current KB Applications in NLP & IR

 Question Answering AT

N
“What are the names of Obama's daughters?” ‘ KB
Ax.parent(Obama, x) A gender(x, Female)

* Information Extraction @ ‘
- “Hathaway was born in Brooklyn, New York. ”

bornin(Hathaway, Brooklyn)
contains(New York, Brooklyn)

A e Jacquel I H h awa y Am ca actress, singer and

« \Web Search

- [dentity entities and relationships in queries  &=msis

q IS th chwyh t d dmtflm ha...+
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Reasoning with Knowledge Base

» Knowledge base is never complete!
 Predict new facts: Nationality(Natasha Obama,?)
« Mine rules: BornInCity(a, b) A CityInCountry(b, c) = Nationality(a, c)

» 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

B Microsoft Research Xiaodong He



Knowledge Base Embedding

» Each entity in a KB is represented by an R% vector
Predict whether (eq, 1, e3) 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]

B Microsoft Research Xiaodong He



Neural Knowledge Base Embedding
Sy(a,b)

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

00000000 | 00000000 |
Xa Xb

Nicole Kidman Nattonality Australia
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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?)
(Bordes+ 2012, T

Collobert & Weston 2008) “ f( Mrla T Mrzb)

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

Diagonal Matrix a'diag(M,)b O(n, X k)
(Bilinear-Diag)

(Yang+ 2015)

n,. #predicates, k: #dimensions of entity vectors, d: #layers
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-mpirical Comparisons of NN-based KB
-mbedding Methods [Yang+ ICLR-2015]

« Models with fewer parameters tend to perform better (for
the datasets FB-15k and WN).

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

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

« Initializing entity vectors with pre-trained phrase
embedding vectors can significantly boost performance.

B Microsoft Research Xiaodong He



Mining Horn-clause Rules [Yang+ ICLR-2015]

» Can relation embedding capture relation composition?
BornInCity(a, b) A CityInCountry(b,c) = Nationality(a,c)

Honolulu

BornInCity

- 5 CityInCountry
Barack Obama EE—
n— , _ ited
Nationality Cnite ,. _.,,Stat..és

e —

« Embedding-based Horn-clause rule extraction

« For each relation r, find a chain of relations r; --- 13, such that:
dist(M,,M{ o M, 0--0 M ) <6

- 11(e1, €3) Ary(eg, e3) - Amy(en, entq) = 7(ey, en41)
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Natural Language Understanding

« Continuous Word Representations & Lexical Semantics
« Knowledge Base Embedding
» KB-based Question Answering & Machine Comprehension

http://csunplugged.org/turing-test
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[ Who is Justin Bie%} "!
%’1 Bieber }

semantic parsing

Knowledge
Base

A \ l matching

sibling_of(justin_bieber, x) A gender(x, female)

Ax. sister_of(justin_bieber, x)

B Microsoft Research Xiaodong He



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

B Microsoft Research Xiaodong He



Matching Question and Relation

Similar text can be mapped to very different relations

'+ Q=Who is the father of King George VI?
'+ R=people.person.parents
K Q=Who is the father of the Periodic Table?

'+ R=law.invention.inventor

Estimate P(R|Q) using naive Bayes [Yao&VanDurme ACL-14]

* P(R|Q) < P(QIR)P(R) =~ [lw P(W|R)P(R)

« Use ClueWeb09 dataset with Freebase entity annotations to create a
“relation — sentence” parallel corpus

 Derive P(w|R) and P(R) from the word alignment model (IBM Model 1)

» Top words for film.film.directed_by: won, start, among, show.

Xiaodong He
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Matching Questions

« Semantic Parsing via Paraphrasing [Berant&Liang ACL-14]

Learned using question

l -------------- ; paraphrases in
paraphrase model | - : Paralex [Fader+ ACL-13]

" T

What political party founded by Henry Clay? ... What event involved the people Henry Clay?
Type.PoliticalParty [ | Founder.HenryClay ... Type.Event [ Involved.HenryClay
‘Whig Party

« Create phrase matching features using phrase table derived from
word alignment results

 Represent questions as vectors (avg. of word vectors)

B Microsoft Research Xiaodong He



Subgraph Embedding [Bordes+ EMNLP-2014 ]

» Basic idea: map question and answer to vectors
* g: question (Who did Clooney marry in 19877)
« a: answer candidate (K. Preston)

- S(q,a) = f(@)" g(a), where f(q) = We¢(q), g(a) = Wi(a)

« Answer candidate generation
« Assume the topic entity (Clooney — G. Clooney) in g Is given
- All neighboring entities 1 or 2 edges away from topic entity

» Input encoding
» ¢(q): bag-of-word binary vectors
- Y(a): binary encoding of the answer entity
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Subgraph Embedding [Bordes+ EMNLP-2014 ]

How the candidate answer

Embedding of the

question f(q)

Binary encoding of

Question g

“Who did Clooney marry in 19877?”

Score 5(q,a) fits the question
A
[omm— 1 )
I (@) B | Gocodineofthe
— N~ - siberzpha(c)
Dot product
Embedding matrix W B Embedding matrix W
I I —— 0 — T
the question @(q) N P the subgraph ¢(a)

Detection of Freebase
entity in the question

|

(_E-J

Subgraph of a candidate
answer a (here K. Preston)

K’ P
)
—

_ Honolulu -

o _—_‘""'\-

¢ JTavolta

LY

-x.‘)
) I
=

B Microsoft Research

Other candidate answer encoding that includes the
path, or other neighboring entities (subgraph)
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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)

B Microsoft Research Xiaodong He



A joint decoding process “Joint decoding for: )

o | When were DVD players invented? et

, When were DVD players invented? . .

(in natural language) semantic parsing
l ‘ )" inferring answer

- J

""" Enumerate all hypotheses to search for
the best answer:

A hy'DOtheSlS Ans* = argmax,,sP(Ans|KB, Q)
__dvd players |
| CDSSM match in the CDSSM match in the
relatzon Space enttty Space
P(Ans|KB, = ZP Ans,SP|KB,
} Prob(R|P) Prob(E1|M) ( | 2 ( | 2
be-invent-in DVD-PLAYER 1993 ~ SPHT%IQP(AHSISP KB,Q)P(SP|Q)
~ max Prob(R|P) X Prob(E1|M)
SP,Triple
Knowledge Triple  R(EL, E2) ANS= 1993
Az. be-invent—-in(dvd-player,x)

(in logical form)
[Yih, He, Meek, ACL 2014]
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Experiments: Results

T

0.95
- ///DSSM
S 09
-50.85
£ 0.8 e
a¥
0.75 Paralex
0.7
0 0.1 0.2 0.3 0.4
On paralex dataset “ Precision @R=0.2 Recall
the UW benchmark
ParalLex (baseline) 54% 80.6%
SPQA based on DSSM  61% 93.4%

From [Yih, He, Meek, ACL 2014]
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Staged Query Graph Generation i crang He ao Acts
« Query graph

» Resembles subgraphs of the knowledge base
» Can be directly mapped to a logical form in A-calculus

« Semantic parsing: a search problem that grows the graph
through actions

« Who first voiced Meg on Family Guy?
« Ax.3y.cast(FamilyGuy, y) A actor(y, x) A character(y, MegGriffin)
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Graph Generation Stages

« Who first voiced Meg on Family Guy? o

1. Topic Entity Linking [Yang&Chang ACL-15] & # & o a0 |
p 4 J ° ° ' '%ESZQ\AegGm‘f .

2. ldentity the core inferential chain

|
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[dentity Inferential Chain using DSSM

« Who first voiced Meg on Family Guy?

......................................................

IS3
: Fa mily GUD—cas acto : A

......................................................

54 0000 0000
Family Guy j—write star

----------------------------------------------------- [ ] [ ]

.....................................

« Semantic match (“Who first voiced Meg on (e)”, “cast-actor”)

« Single pattern/relation matching model: 49.6% F, (vs. 52.5% F, Full)
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Graph Generation Stages (contq)

« Who first voiced Meg on Family Guy?

3. Augment constraints

Y\a(ade(yqvleg Griffin
Ga mily G u}cast’%actor—b@

. :
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WebQuestions Dataset serant+ EMNLP-2013]

« What character aid Natalie Portman play in Star Wars? = Padme Amidala

- What kind of money to take to Bahamas? = Bahamian dollar

« What currency do you use in Costa Rica? = Costa Rican colon

« What did Obama study in school? = political science

« What do Michelle Obama do for a living? = writer, lawyer

- What killed Sammy Davis Jr? = throat cancer [Examples from Berant]

» 5,810 questions crawled from Google Suggest APl and answered using
Amazon MTurk

« 3,778 training, 2,032 testing
A question may have multiple answers — using Avg. F1 (~accuracy)
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http://nlp.stanford.edu/joberant/homepage_files/talks/facebook_jun14.pdf

Avq. F1 (Accuracy) on WebQuestions Test Set

60
52.5
3 453
41.3
392 39.9
40 357 37.5
33
29.7

30
20

10

0

Avg. F1

M Bordes-14a MYao-14 M Berant-13 MW Bao-14 M Bordes-14b Berant-14 MYang-14 M Wang-14 MYih-15
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More recent progress. Character-level Question
Answering with Attention %

Q: Where was Barack Obama born? h, pomical_l{m g %in
‘Barack Obama

N ohama0.18

_— Barack Obama 0.60 chiIV Wof
_— . A

Siew Sy e Sn\_
x-%x'“'“-x ,.f-*"-f-’- Vg
> . ek L Z » spouse-of
o ~ h E_E ————— entity
* * {al} N \\“‘1 ‘1 _ ! T“"‘- T T child-of child-of

fr > | | [
2 LS LN —
Where.. borns ' -.:.-..-.-.—.:l-:-::.---.-.".' ..‘f.._ St __’fr,f--""fr people/.../spouse 0.2 + l:NNE 4 CN NE
~_ Entity attentlonsr _— people!...‘,;...birth 058 | _.1ma Barack Obama
— - Voo
~a Barack Obama
| h === Vpredicate
{a,} [~y €2 2 T~
_ || N | | P —
- x : *CNNP 4 CNN, A CNN,
Predicate attentions people/./spouse People/./pla
h ce_of_birth
v 3 .
[
</s>
a) Question encoder b) KB query decoder c) Entity & Predicate encoder
(character-level LSTM) ' (LSTM with an attention mechanism) | (character-level CNNs)

Figure 1: Our encoder-decoder architecture that generates a query against a structured knowledge base.
We encode our question via a long short-term memory (LSTM) network and an attention mechanism to
produce our context vector. During decoding, at each time step, we feed the current context vector and an
embedding of the English alias of the previously generated knowledge base entry into an attention-based

decoding LSTM to generate the new candidate entity or predicate. [David Golub and Xiaodong He, 2016]
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Capture semantic meaning at the character level

FUTTT T Entfy Al g
Predicate Att. —e—

what is a song by john rutter

08t

" 'Entily Att. '—e—'
N Predicate Att. —e—

08L

how was phrenology released?

' | I

Al AN - l

Predicate Att. —e—
SPPPwhat is a song by john rutterPPPS |

0.8 + i I
Who wrote the song bye bye love? .
PPhow was phrenology released?PPFS

0.6 +

04t

0.2
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Compared to Memory Neural Net

RESULTS ON SIMPLEQUESTIONS DATASET
KB TRAIN SOURCES AUTOGEN. EMBED MODEL ENSEMBLE | SQ ACCURACY # TRAIN
WQ | SIQ | PRP | QuUEsTIONS | TYPE EXAMPLES

FB2M | no | yes no no Char Ours I model 70.9 76K
FB2M | no yes no no Word Ours I model 53.9 T6K
FB2M | yes | yes yes yes Word MemNN I model 62.7 26M
FBSM | no | yes no no Char Ours | model 70.3 76K
FB5SM | no yes no no Word Ours I model 53.1 T6K
FB5M | ves | ves yes ves Word MemNN 5 models 63.9 2TM
FB5M | ves | ves yes ves Word MemNN Subgraph 62.9 2TM
FB5SM | yes | yes yes yes Word MemNN I model 62.2 27TM

Emerging Neural Net models in language understanding:

* RNN (recurrent network) / LSTM (long short-term memory network) / Seq2Seq / Encoder-Decoder

» Attention Model / Memory Neural Network / Neural Turing Machine

» Reinforcement learning

« Scenarios: QA, dialog, lang. generation, parsing, Text-based Games, Real-time Thread recommendation ...
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DeepMind Q&A Dataset [Hermann et al,, NIPS-15]

« High-level dataset creation process
» Pick a large corpus (e.g., news articles, stories)

» Develop an (almost) automatic way to generate (fill-in-the-
olank) questions

93k CNN & 220k Daily Mail articles

Bullet points (summary / paraphrases) = Cloze questions
» Replacing one entity with a placeholder

 ~4 questions per document

« ~TM document / query / answer triples
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Fxample [Hermann et al, NIPS-15. Table 3]

Original Version Anonymised Version

Context
The BBC producer allegedly struck by Jeremy the ent381 producer allegedly struck by ent212 will
Clarkson will not press charges against the “Top not press charges against the *“ ent/53 ” host , his
Gear” host, his lawyer said Friday. Clarkson, who  lawyer said friday . ent2/2 , who hosted one of the
hosted one of the most-watched television shows most - watched television shows in the world , was

in the world, was dropped by the BBC Wednesday  dropped by the ent38/ wednesday after an internal
after an internal investigation by the British broad-  investigation by the ent/80 broadcaster found he
caster found he had subjected producer Oisin Tymon had subjected producer ent/93 * to an unprovoked

“to an unprovoked physical and verbal attack.” ...  physical and verbal attack . ™ ...
Query
Producer X will not press charges against Jeremy producer X will not press charges against ent212 ,
Clarkson, his lawyer says. his lawyer says .
Answer
Oisin Tymon entl93

. :
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Neural Network Models — Attentive Reader

s: attention weight
y: embedding ./

s(1 )5’(1

Hﬁm

went to England visited England
[Hermann et al., NIPS-15. Fig 1a]

. p(ald, q) « exp(W(a)g(d,q))
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Neural Network Models — Impatient Reader

to England X visited England

[Hermann et al., NIPS-15. Fig 1b]

B Microsoft Research Xiaodong He



Accuracy
100

90 NN-based models
80 perform the best

70
60

50
_ 40.2
40
30
20
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Daily Mail
B Max Freq M Excl. Freq. B Frame-semantic B Word Dist. B Att. Reader M Impat. Reader

o
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A Thorough Examination... [Chen et al. ACL-16]

 Challenges & Questions

» A clever way of creating large supervised data, but an artificial
task

« Unclear what level of reading comprehension needed

« Good News — The task is not really difficult!

 An entity-centric classifier with simple features works comparably
A variant of the Attentive Reader model achieves the new best result

« Bad News — The task is not really difficult!
« Not much “comprehension” is needed
 Probably reached the ceiling (25% questions unanswerable)
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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
« KB-based Question Answering & Machine Comprehension

Data & tools (partial list)

«  Word2Vec https://code.google.com/p/word2vec/

« GloVe http://nlp.stanford.edu/projects/glove/

«  MSR Continuous Space Jext Representation http://aka.ms/msrcstr
« DeepMind Q&A dataset http://cs.nyu.edu/~kcho/DMQA/
 Stanford Q&A dataset https://stanford-ga.com/
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