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Overview of Search Engine

Information pull: a user pulls information by making a specific request

User intent is explicitly reflected in query: Content is in
- Keywords, questions - Webpages, images, ...
Query
Search Engine Index of
Webpages, Images
Relevant

A

Webpages, etc

Key challenge: query-document semantic gap



Example of Query-Document Mismatch

Query Term Semantic
matching matchlng

seattle best hotel seattle best hotels partial

pool schedule swimming pool schedule partial yes
natural logarithm logarithm transformation partial yes
transformation

china kong china hong kong partial no
why are windows so  why are macs so expensive partial no

expensive



Same Search Intent Different Query Representations
Example: “Distance between Sun and Earth”

“how far” earth sun average distance from the earth to the sun
“how far” sun how far away is the sun from earth
average distance earth sun average distance from earth to sun

how far from earth to sun distance from earth to the sun

distance from sun to earth distance between earth and the sun

distance between earth & sun distance between earth and sun
how far earth is from the sun distance from the earth to the sun
distance between earth sun distance from the sun to the earth

distance of earth from sun distance from the sun to earth
“how far” sun earth how far away is the sun from the earth
how far earth from sun distance between sun and earth

how far from earth is the sun how far from the earth to the sun
distance from sun to the earth




Same Search Intent Different Query Representations
Example: “Youtube”

yutube

ytube

youtubo
youtube om
youtube
youtub com
youtub

you tube

you tube videos
www youtube
yotube

ww youtube com
utube videos

u tube com

u tube

outube

yuotube

youtubr

youtuber

youtube music videos
youtube com

you tube music videos
you tube com yourtube
you tub

www you tube com
www youtube com
www you tube

www utube

utube com

utub

my tube

our tube

yuo tube

yu tube
youtubecom
youtube videos
youtube co

yout tube

your tube

you tube video clips
wwww youtube com
www youtube co
www utube com
www u tube

utube

u tube videos
toutube

toutube




Overview of Recommendation Engine

Information push: the system pushes information to a user by guessing the user interest

User Interest is implicitly reflected in: Items can be:

- Interaction history - Products, news, movies,
- Demographics videos, friends ...

- Contexts

User, Contexts
(Query)

Recommendation

Engine

Iltems of Interest
(Documents)

A

Key challenge: user-item semantic gap
- Even severe than search, since user and item are two different
types of entities and are represented by different features



Example of User-ltem Semantic Gap

Movie Recommendation
q BIFE- P

7 | e
———
o E orcp =

User Profile (query): Item Profile (document):
- UserID - ltemID

- Rating history - Description

- Age, gender - Category

- Income level - Price

- Time of the day - Image

There may be no overlap between user features and item features
Matching cannot be done on the superficial feature level!



Information Providing Mechanisms of Search and
Recommendation (Hector et al., CACM’ 11)

_____________search |Recommendation

Delivery model
Beneficiary (priority)
Unexpected good?
Collective knowledge
Query available

Context dependent

Pull
User
No
Maybe
Yes
Maybe

Push or pull

User and provider
Yes

Maybe

Maybe

Maybe



Unified View on Matching in Search and
Recommendation (Hector et al, CACM’11)

\
Search results

\Information needs and context/

-
Search Mechanism
\ matching
y a
4 )
User information Content: documents, items, products etc.

Information objects/

Recommendations

————

Recommendation Mechanism

Common goal: matching a context (may or may not include an explicit query)
to a collection of information objects (product descriptions, web pages, etc.)

Difference for search and recommendation: features used for matching! 0



Semantic Gap is Biggest Challenge in
both Search and Recommendation

Query-document Mismatch

Same intent can be
represented by different
queries (representations)

Search is still mainly based
on term level matching

Query document mismatch
occurs, when searcher and
author use different
representations

User-item Semantic Gap

Features are used to
represent a user and an item
may be totally different (e.g.,
ID feature)

Even when they partially
overlap in features, it is
insensible to conduct direct
matching



Machine Learning for Matching

e Using relations in data for

learning the matching
Learning function far(q,d) or P(r|q,d)
system

e Training data {(¢i, di, )}y
— Queries and documents (users
and items) represented with

feature vectors or ID’s

— Target can be binary or
numerical values

Matching fu(q, d)
System

e - S - - S S S S S S S S S S ..

Test data

12



Organization of the Tutorial

Unified View of Matching in Search and Recommendation (Jun Xu)
Part 1: Traditional Approaches to Matching

— Traditional matching models for search (Jun Xu)

— Traditional matching models for recommendation (Xiangnan He)
Part 2: Deep Learning Approaches to Matching

— Overview (Jun Xu)

— Deep matching models for search (Jun Xu)

— Deep matching models for recommendation (Xiangnan He)

Summary (Xiangnan He)



Outline of Tutorial

* Part 1: Traditional Approaches to Matching

— Traditional matching models for search

Slides: http://comp.nus.edu.sg/~xiangnan/sigir18-deep.pdf



http://comp.nus.edu.sg/~xiangnan/sigir18-deep.pdf

7
9P

QUERY-DOCUMENT MATCHING



Overview of Web Search Engine

User

Web

User
Interface

Query

] Understanding

Ranking

Query-Doc
Matching

» Crawling

Document

‘ Understanding

\ 4

Retrieving

A

Index

A 4

Indexing

16



Key Factors for Query-Document Matching

Query: Document:
Down the ages noodles and ... down the ages dumplings
dumplings were famous Chinese and noodles were popular in
food China ...

B L —

* Bridging the semantic gap between words
— Semantically similar words: famous ~ popular, Chinese ~ China

e Capturing order of words
— N-grams: “down the ages” ~ “down the ages”
— N-terms: “noodles and dumplings” ~ “dumplings and noodles”



Information from Choice of Words
and Order of Words (Ross, '02)

Assume:
— Size of vocabulary = 10,000
— Average sentence length = 20

Rough contributions of information in bits

— From the selection of words: log,(10000%°)

— From the order of words: log,(20!)

“Over 80% of the potential information in
language being in the choice of words
without regard to the order in which they
appear”

— 80%: choice of words

m Choice of words = Order of words

— 20%: order of words

18



Relation between Matching and Ranking
* In traditional IR: ranking = matching

fla,d) = femzs(q,d) or f(q,d) = fomir(d|q)

* In Web search: ranking and matching become separated

— Learning to rank: matching as features for ranking
f(q,d) = fem2s(q, d) + PageRank(d) + -+

T ahing | anking____

Prediction Matching degree between a Ranking list of documents
guery and a document
Model f(q; d) f(qr {d1»d2r })

Challenge Mismatch Correct ranking on the top
19



Traditional Approaches to

Query-Document Semantic Matching

Matc
Matc
Matc
Matc
Matc

ning by query formulation
ning with term dependency

Semantic Matching in Search

ning with topic model
ning in latent space model

ning with translation model

now

20



Traditional Matching Models for Search

Latent space

* Matching in latent Query space L
space: mapping query f

and document into a .
|atent space Document space
Mapping

query space

* Matching with
machine translation: Document space q l

mapping document to @ T
A
query Space Translation




Latent space

Query space L

J

L,
Document space
Mapping

MATCHING IN LATENT SPACE



BM25: Matching in Term Space

tf(qi' d)

tf(qi,d) + ky (1= b+ b - 9 )

femzs(q, d) = 2 IDF(q;)
qai€q
=Y e IDF(w) - tf (w, d)

WEq
= tf(w,d) + ky (1 —b+b- m',g'dl)

1 weq lermspace q
L:vweV,x] = Query x
Query space ¢ VW w {O otherwise
x4 !
v\\\\
4 Dot product
Document space
L;vweV,xd = LA L) [l
tf(w,d)+k1(1—b+b.m) 7 5

Document x4




Matching in Latent Space

* Assumption
— Queries/documents have similarities

— Click-through data represent “similarity” relations between
gueries and documents

* Approach
— Project queries and documents to latent space
— With some regularization or constraints

Query Space Document Space



Partial Least Square (PLS)

Two spaces: X € R™and Y c R"

Training data: {(x;, y;, 1) }e,, 1; € {+1,—1}orm; ER
Model

— Dot product as similarity:f (x,y) = (Lkx, L, y) = x Ly L}y

— Ly and Ly are two linear (and orthonormal) transformations

Objective function

argmaxi, ) xlLelyyi= ) xlLylhy,
ri= ri=—

s.t. LxLy = Ixxx, LyLy = Igxk



Regularized Mapping to Latent Space
(RMLS)

Two spaces: X € R™and Y c R"

Training data: {(x;, y;, 1) }e,, 1; € {+1,—1}orm; ER
Model
— Dot product as similarity:f (x,y) = (Lkx, L, y) = x Ly L}y

— Ly and Ly are two linear transformations with 1 and 4,
regularizations (sparse transformations)

Objective function

argmaxy, ., Y A Lllyi—= ) xlLylhy,
ri=+1 ri=—1
s.t. |Lx| < Ax, [Ly| < Ay, ILx || < Ox, llLx |l < Oy



PLS v.s. RMLS

I T RMLS

Transformation orthonormal L1 and L2
Assumption regularization
Optimization singular value coordinate

Method decomposition ascent
Optimality global optimum  local optimum
Efficiency low high

Scalability low high

27



Bridging the Semantic Gap

e Latent space models bridge semantic gap between

words through
— Reducing the dimensionality (from term level matching to
semantic matching)
— Correlating semantically similar terms (matrices are not
diagonal)
e Automatically learning mapping functions from data

Latent space

Query space L

J

L,
Document space
Mapping



Experimental Results

| NDCG@1 | NDCG@3 | NDCG@5

BM25 0.637
SSI 0.538
BLTM 0.657
PLS 0.676
RMLS 0.686

Based on a web search data set containing 94,022 queries and 111,631 documents.
Click through associated with the queries and documents at a search engine is used.

0.690
0.621
0.702
0.728
0.732

0.690
0.629
0.701
0.736
0.729

e Latent space models work better than baseline (BM25)

 RMLS works equally well as PLS, with higher learning

efficiency and scalability

29



query space

Document space I
Q Translatio

MATCHING WITH TRANSLATION MODEL




Statistical Machine Translation (SMT)

* Given a sentence C in source language,
translates it into sentence E in target language
E* = argmaxzP(E|C)

 Linear combination of features

P(E|C) _Z(C E)expz/lh(C E)

E* = argmasz Ah(C,E)
i




Statistical Machine Translation for
Query-Document Matching

‘r\\ °f e
. W matching with translation
probability P(q|d) ‘
Machine translation machine translation r

l
\V,}) This article needs additional citations for verificatiol

language is needed. Solving this problem with corpus and sta

* Translating document d to query q
* Matching degree: translation probability P(qld)

* Key difference from conventional translation model

— Translation within the same language (need to handle self-
translation)



Matching with Word-based Translation Models

e Basic model

Pad =] | paw=]] > Pamwrwa
<4 a€q 9/, \

translation probability Document language model

* Smoothing to avoid zero translation probability (Berger &
Lafferty ‘99)

Pad =] | (aw @) (zwed”(q'“’)”(w'd)))

background language model

Self-translation (Gao et al., ‘10)

P(q|d) = nq q <ap(q|C) +(1-a) <ﬁP(q|d) +(1-p) (z dP(CIIW)P(WId)>)>
€ P U we

unsmoothed document language model




Bridging Semantic Gap between Words

* Translation matrix can bridge semantic gap between
query words and document words

q t(q|w) q t(q|w) q t{g|w)
solzhenitsyn 0.319 carcinogen 0.667 zubin_mehta 0.248
citizenship 0.049 cancer 0.032 zubin 0.139
exile 0.044 scientific 0.024 mehta 0.134
archipelago 0.030 science 0.014 philharmonic 0.103
alexander 0.025 environment 0.013 orchestra 0.046
soviet 0.023 chemical 0.012 music 0.036
union 0.018 exposure 0.012 bernstein 0.029
komsomolskaya 0.017 pesticide 0.010 york 0.026
treason 0.015 agent 0.009 end 0.018
vishnevskaya 0.015 protect 0.008 sir 0.016
w — solzhenitsyn w — carcinogen w = zubin
q t{q|w) q t(q|w) q t(q|w)
pontiff 0.502 everest 0.439 wildlife 0.705
pope 0.169 climb 0.057 fish 0.038
paul 0.065 climber 0.045 acre 0.012
john 0.035 whittaker 0.039 species 0.010
vatican 0.033 expedition 0.036 forest 0.010
ii 0.028 float 0.024 environment 0.009
visit 0.017 mountain 0.024 habitat 0.008
papal 0.010 summit 0.021 endangered 0.007
church 0.005 highest 0.018 protected 0.007
flight 0.004 reach 0.015 bird 0.007
w — pontiff w — everest w — wildlife

From Berger & Lafferty, ‘99 34



Experimental Results

T wosds | Nocc@l | Nbcces | Nbco@io

BM25 (baseline) 0.3181 0.3413 0.4045
WTM (without self-translation) 0.3210 0.3512 0.4211
WTM (with self-translation) 0.3310 0.3566 0.4232

Based on a large scale real world data set containing 12,071 English queries sampled
from one-year query log files of a commercial search engine (Gao et al., 2010)
Word-based translation model (WTM) outperformed the baseline

— Translation probabilities bridge the semantic gap between
query words and document words

— Self-translation is effective

35
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Outline of Tutorial

* Part 1: Traditional Approaches to Matching

— Traditional matching models for recommendation
* Collaborative Filtering Models
* Generic Feature-based Models

Slides: http://comp.nus.edu.sg/~xiangnan/sigir18-deep.pdf
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Collaborative Filtering

e Collaborative Filtering (CF) is the most well-known technique for
recommendation.

— Homophily assumption: a user preference can be predicted from his/her
similar users.

 Math formulation: matrix completion problem

; . Movie

User Movie Rating T ONH SW ST
Alice Titanic 5

Alice  Notting Hill | 3 A5I311 7?7 ...
Alice Star Wars 1 5 2145, ..
Bob Star Wars 4 |:> 3 cl1/2/5]2
Bob Star Trek 5 ° L
Charlie  Titanic 1

Charlie  Star Wars 5

Rating Matrix
(Interaction Matrix)

Input Tabular data

39



Solving Matrix Completion

e Singular Value Decomposition (SVD) is the most well-known
technique for matrix completion

Orthonormal Orthonormal
Movie
TI NH SW ST ...
ABI311]7]... L]
% ’7 4 5 - M — U Z v*
" cl1 ? 5|2 -
: 7 ... mxn mxm mxn nNxn
Diagonal

Rating Matrix

Steps to use SVD for CF:

1. Impute missingdatatoOinY

2. Solving the SVD problem

3. Using only K dimensions in U and V to obtain
a low rank model to estimate Y

Figure adopted from: https://en.wikipedia.org/wiki/Singular-value_decomposition 40



SVD is Suboptimal for CF

Y =U I V

mxn Mxk kxk kxn

* In essence, SVD is solving the problem:
arg min (Y — USV’)?

U,2,V

m n |abel

Yij

= arg min E E
U,z VvV

i=1 j=1

Training instance

~{usv),

Model Prediction

e Several Implications (weaknesses):
1. Missing data has the same weight as observed data (>99% sparsity)

2. No regularization is enforced — easy to overfit

41



Adjust SVD for CF

e The “SVD” method the context of recommendation:

- MOdel A _ T
Yui = V, Vi
User latent vector ltem latent vector

— Regularized Loss function:

L= ZZwm@m Jui ”(Z vl + Z ||vl||2>

Pred|ct|on error L2 regularlzer

* This method is also called Matrix Factorization (MF) in RecSys:
— It represents a user and an item as a latent vector (ID embedding).
— The interaction between user and item is modeled using inner product
(measure how much user latent “preferences” match with item “properties”

— Besides L2 loss, other loss can also be used, e.g., cross-entropy, margin-
based pairwise loss, etc.

42



Factored Item Similarity Model
(Kabbur et al., KDD’14)

* MF encodes a user with an ID, and projects it to

embedding.
* Another more information-rich encoding is to use rated

items of the user.
— Also called as item-based CF (i.e., find similar items for recom)

& user representation

|
. O - Can be interpreted as
Yui = (L qj) Vi ]the similarity between
JER, item i and;

ltems rated by u

43



SVD++: Fusing User-based and Item-based CF
(Koren, KDD’08)

* MF (user-based CF) represents a user as her ID.

— Directly projecting the ID into latent space

* FISM (item-based CF) represents a user as her interacted items.

— Projecting interacted items into latent space

 SVD++ fuses the two types of models in the latent space:

A . T
Yui = (Vy + E ’ qj) Vi
JERu
|
User representation in latent space

\ J

— This is the best single model for rating prediction in the
Netflix challenge (3 years, 1 million prize).

Note: the normalization terms are discarded for clarity.



How about Side Info?

CF utilizes only the interaction matrix only to build the
predictive model.

How about other information like user/item attributes and
contexts?

Example data used for building a RecSys:

context dafa | E-8 location, time,
weather, mood ...

E.g., user gender,
age, occupation rating data
personality ...
. E.g., item category,
item data 8 o BOH
description, image ...




Modern RecSys Architecture

|_Millions | i H , T .
All | Millions Candldafte undredsj%ﬂ' | -
Items Generation I/ = /) el

Models: Collaborative Generic Feature-based
Filtering Models Models
Data Sources: User History and Contexts All other Side Info

(Covington et al, Recsys’16)



E.g., user gender,

Input to Feature-based Models

context data

4
4

<
)

7
4

/
4

E.g., recent history,
location, time, weather,

- mood ...
age, occupation rapir}g’ data
personality ... o U
o E.g., item category
itéem data o ’
| description, image ...
@One-hot encoding
Each row (" / Feature vector x ) rTarget y‘
4 / M A
encodes all |xo|[ 1 o [ o /1|0 0]o0]..|os]os]03]0 5 |y
infofora [ |yl 4]0 o .Jo|1]o0]0]..|o3[03]03]0 13|y ]
rating x[1]0]lo]..lo]o]1]0]..l0o30303 0 (1 ]y® .
<« o110 olol1lo 000505 | |[+ )y :> Sparse Predictive Model
x*[o]1]0 ololo1 0o|o o505 .. ]5 yo
x| ool 1]ofofo]..los[ 0050 [1]y®
x?[ 0|01 olo[1]o]..lo5 0]o5]0 %
A B C TI NH SW ST ... 47
L User JL Movie J J ' J




FM: Factorization Machines (Rendle, ICDM’10)

* It represents each feature an embedding vector, and models the
second-order feature interactions:

Only nonzero features
are considered

—wo +szﬂfz+zz < Vi,V >|T;Z

=1 7>
\ . J \ | '
First-order: Linear Second-order: pair-wise
Regression interactions between features

— Note: self-interaction is not included: <v=s«>.

* FM allows easy feature engineering for recommendation, and
can mimic many existing models (that are designed for a specific
task) by inputting different features.

— E.g., MF, SVD++, timeSVD (Koren, KDD’09), PITF (Rendle, WSDM’10) etc.



Matrix Factorization with FM

* Input: 2 variables <user (ID), item (ID)>.

[ Feature vector x A
Movie x['1 /0|0 1/0/0|0
TI NH SW ST .. x?l 11010 ol1lolo
A 5 3 l ’) x(3) 1 0 0 0 0 1 0
§ f) ? 4 5 'R :> x(4) O 1 0 . 0 0 1 O
- ? ?
C l H 5 L xX®l0o|11|0 Ool0| 0|1
x®l0o| 0|1 110[0]|0
x?10 |01 O/0/1/|0]...
A B C 1T NH SwW ST ...
S L User Movie J)

With this input, FM is identical to MF with bias:
J(x) = wo +wy +wi+ < vy, v; >

MF



User

Factored Item Similarity Model with FM

Input: 2 variables <user (historical items ID), item (ID)>.

Tl

NH SW ST ..

Movie

3

1

? ...

-~ Ol

?

4

S ...

?

5

? ...

x| o

x(G) 0.5

x7 0.5

Feature vector x
N
x™ 63 0.3/0.3| 0 110/0/0
x? 110.3/0.3/0.3| 0 ol1/0]0
x® 110.3]0.3/0.3| 0 0/ 0[1]0 Fut:ther mput. user
S Toslos Tol:lo ID into FM will
il !l resume SVD++
x*fo|olos505 ..0olo|0]1
0|05 0 110/0]0
005 0 olo|1]0
TI NH SW ST TI NH sw sT .|
\ Rated Movies Movie )

With this input, FM subsumes FISM with additional terms:

J(x) = bias + Z <Vj,vi>+ Z <Vj,Vvjr >

JjeRy

FISM

JERU,J >]
50



Next: Learning Recommender Models
Rating Prediction is Suboptimal

* Old work on recommendation optimize L2 loss:

L= D wuilyur = Gui)* + A0 val P+ ) [Ivill)

— But many empirical evidence show that:

A lower error rate does not lead to a good ranking
performance...

— Possible Reasons:

1) Discrepancy between error measure (e.g., RMSE) and
ranking measure.

2) Observation bias — users tend to rate on the items they
like.

51



Towards Top-N Recommendation

Recommendation is a personalized ranking task by nature, rather
than rating prediction (regression).
* Evaluated by Precision/Reall/AUC etc, rather than RMSE!

Optimizing the relative ranking of a user on two items are more

advantageous:
« Higher rating > Lower rating (explicit feedback)
* Observed interaction > Unobserved interaction (implicit feedback)
sigmoid Positive prediction Negative prediction

0 0(Gui|-{Guj) = AllOI1°

Pairwise training examples: u prefers i overj

LBpR = argimax
©

 Known as the Bayesian Personalized Ranking objective (BPR, Rendle et al,
UAI'09)

52
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Outline of Tutorial

Part 2: Deep Learning Approaches to Matching
— Overview
— Deep matching models for search

— Deep matching models for recommendation

Slides: http://comp.nus.edu.sg/~xiangnan/sigir18-deep.pdf
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Growing Interests in “Deep Matching”

Success of deep learning in other fields

— Speech recognition, computer vision, and natural language processing

Growing presence of deep learning in IR research
— SIGIR keynote, Tutorial, and Neu-IR workshop

Adopted by industry

— ACM News: Google Turning its Lucrative Web Search Over to Al
Machines (Oct. 26, 2015)

— WIRED: Al is Transforming Google Search. The Rest of the Web is Next
(April 2, 2016)
Chris Manning (Stanford)’s SIGIR 2016 keynote:
“I’m certain that deep learning will come to dominate SIGIR
over the next couple of years ... just like speech, vision, and
NLP before it.”
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“Deep” Semantic Matching

* Representation
— Word: one hot —> distributed
— Sentence: bag-of-words —> distributed representation
— Better representation ability, better generalization ability

* Matching function
— Inputs (features): handcrafted —> automatically learned

— Function: simple functions (e.g., cosine, dot product) —>
neural networks (e.g., MLLP, neural tensor networks)

— Involving richer matching signals
— Considering soft matching patterns



Deep Learning Paradigms for Matching

Methods of representation learning

Query/user representation

Neural

ery/user
Query/u Network

matching
score

Document Neural
/item Network Document/item representation

Methods of matching function learning

Query/user

Document
/item

Matching matching

Aggregati
ggregation score

signals
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Methods of Representation Learning

* Step 1: calculate representation ¢p(x)
* Step 2: conduct matching F(gb(x), gb(y))

Calculate
/ representation

Neural \Query representation

network [ B PR ~
Matching <
score !
/

Document Neural | S~e____- -7
network Document representation
\ I
\ / -
\ / matching

—————
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Methods of Matching Function Learning

e Step 1: construct basic low-level matching signals
e Step 2: aggregate matching patterns

Matching . matching \
signals

\
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Outline of Tutorial

Part 2: Deep Learning Approaches to Matching
— Overview
— Deep matching models for search

— Deep matching models for recommendation

Slides: http://comp.nus.edu.sg/~xiangnan/sigir18-deep.pdf
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Query representation

Neural

query Network

matching
score

document Neural
Network Document representation

METHODS OF REPRESENTATION
LEARNING
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Representation Learning for
Query-Document Matching

e Step 1: calculate query and document representation
e Step 2: conduct query-document matching

calculate
/ representations

—
- =~

— o
’— ‘\

matching "«
score !
7

7’

document |, BERERREERE L L, T~a_ . __ -

L Document representation
\ conduct
\ / .
N , matching
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Typical Methods of Representation

Learning for Matching

e Based on DNN

— DSSM: Learning Deep Structured Semantic Models for Web Search
using Click-through Data (Huang et al., CIKM ’13)

e Based on CNN

— CDSSM: A latent semantic model with convolutional-pooling
structure for information retrieval (Shen et al. CIKM "14)

— ARC I: Convolutional Neural Network Architectures for Matching
Natural Language Sentences (Hu et al., NIPS ’14)

— CNTN: Convolutional Neural Tensor Network Architecture for
Community-Based Question Answering (Qiu and Huang, IJCAI '15)

e Based on RNN

— LSTM-RNN: Deep Sentence Embedding Using the Long Short Term
Memory Network: Analysis and Application to Information
Retrieval (Palangi et al., TASLP ’16)



Deep Structured Semantic Model (DSSM)

Neural

query Network

document - Neural
: Network

matching
score

bag of letter- : fully connected ST
: . -cosine similarity
trigrams : layer :

* Bag-of-words representation
— “candy store”: [0,0,1,0, ..., 1,0, O]
* Bag of letter-trigrams representation
— “H#candy# #store#t” --> #ca can and ndy dy# #st sto tor ore re#
— Representation: [0,1,0,0,1, 1,0, ..., 1]
 Advantages of using bag of letter-trigrams
— Reduce vocabulary: #words 500K - # letter-trigram: 30K

— Generalize to unseen words

— Robust to misspelling, inflection etc. .



DSSM Query/Doc Representation: DNN

 Model: DNN (auto-encoder) to capture the compositional
sentence representations

Semantic vector 5 Vg ﬁF

D
Ws,4 t
%
Ws,3 t
Letter-trigram @

embedding matrix — W, t

Letter-trigram encoding dim = 50K

dim = 50K

matrix (fixed) — W, t W, , t
Bag-of-words vector dim = 100M dim = 100M

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

Figure courtesy of He et al., CIKM ‘14 tutorial
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DSSM Matching Function

* Cosine similarity between semantic vectors
T

:L' o
§=—"Y
z| - |y]
* Training
— A query g and a list of docs D = {d*,d;, - ,d;}
— dT positive doc, 47, --- ,d, negative docs to query
— Objective:

> uep exp(vycos(g, d))



DSSM: Brief Summary

Inputs: Bag of letter-trigrams as input for improving the
scalability and generalizability

Representations: mapping sentences to vectors with DNN:
semantically similar sentences are close to each other

Matching: cosine similarity as the matching function

Problem: the order information of words is missing (bag of
letter-trigrams cannot keep the word order information)

Neural
Network

query

matching
score

document . Neural
- Network

Fully connected

- Cosine similarity
layer :

letter-trigrams :
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How to Capture Order Information?

* Input: word sequence instead of bag of letter-trigrams

e Model

— Convolution based methods can keep locally order

— Recurrent based methods can keep long dependence relations

uer : Neural -
query : Network

document . Neural ‘
. Network :

Sequenceof :  Convolution or
words : recurrent NN

matching
score
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CNN Can Keep Order Information

1-D convolution and pooling operations can keep the
local word order information

the cat sat on
[ the cat sat | Wmat/.
the cat cat sat sat on on the
cat sat sat on on the
the cat sat || catsaton || sat on the | | on the mat

Pooling

Convolution

the cat

sat

the

mat




Using CNN: ARC-I (Hu et al., 2014) and
CNTN (Qiu et al., 2015)

* Input: sequence of word embeddings trained on a large dataset

 Model: the convolutional operation in CNN compacts each
sequence of kK words

/> Concatenation
the cat sat on
|
L == = Pooling
the cat sat on the mat

Convolution

the cat cat sat sat on on the

cat sat sat on on the

the cat sat cat sat on sat on the on the mat

word embedding

70
the cat sat on the mat



Using CNN: CDSSM (Shen et al., "14)

The convolutional operation in CNN compacts each
sequence of kK words

fully connected

300

max pooling

300 ||| 300 300

Convolution \

bag of letter-trigram

the cat sat ... mat



RNN can Keep the Order Information

output
qUeTY OF " hidden output
document
...... hidden
Query or
document
the cat sat - mat

* Two popular variations: long-short term memory (LSTM) and
gated recurrent unit (GRU)
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Using RNN: LSTM-RNN (Palangi et al., "16)

* |nput: sequence letter trigrams
 Model: long-short term memory (LSTM)

— The last output as the sentence representation

Embedding vector for

the whole sentence

-
-
-
-
4~

oupurs (O — ... —
[ A A

Bag of letter-trigrams |[OQOQQO O000 OC)“C)O
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Matching Function

Neural
query Network [ IR -
matching "«
score /‘
document Neural NN P P -7

e Network

* Heuristic: cosine, dot product
* Learning: MLP, Neural tensor
networks
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Matching Functions (cont’)

* Given representations of query and document : g
and d

* Similarity between these two representations:

— Cosine Similarity (DSSM, CDSSM, RNN-LSTM)
T
q -d

~ al-1d

S
— Dot Product

s=ql -d
— Multi-Layer Perception (ARC-I)

S:W2°O'<W1°[Z]—|-bl>—|—bg



Matching Functions (cont’)

* Neural Tensor Networks (CNTN) (Qiu et al., IJCAI "15)

d
query q

r.—i—7__\__| i N
I eee O -
CORH :

0e) f|l———====, (000000 UNC
" (eee|u) (@eeees)m”(®

) (mmm) ®ee |0 174 g ]
| AlL) D]
Y T y

d
o
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Experimental Results

| Mol | POL__| MR ____

Traditional methods BM?25 0.579 0.726

ARC-I 0.581 0.756

Representation CNTN 0.626 0.781
learning for matching

LSTM-RNN 0.690 0.822

Based on Yahoo! Answers dataset (60,564 question-answer pairs)

* Representation learning methods outperformed baselines

— Semantic representation is important

 LSTM-RNN performed better than ARC-1 and CNTN
— Modeling the order information does help
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Short Summary

* Two steps
— 1. Calculate representations for query and document
— 2. Conduct matching

* Representations for query and document

— Using DNN

— Using CNN and RNN to capture order information
* Matching function

— Dot product (cosine similarity)

— Multi-layer Perceptron

— Neural tensor networks
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METHODS OF MATCHING
FUNCTION LEARNING
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Matching Function Learning

e Step 1: construct basic low-level matching signals
e Step 2: aggregate matching patterns

-——
- ~

Matching . matching \

signals score /’

\

\~——’

Basic matching \ Matching
signals function
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Typical Matching Function Learning Methods

* Matching with word-level similarity matrix

— ARC Il (Hu et al., NIPS "14)
— MatchPyramid (Pang et al., AAAI '16)
— Match-SRNN (Wan et al., IJCAI '16)

 Matching with attention model
— (Parikh et al., EMNLP “16)

* Combining matching function learning and

representation learning
— Duet (Mitra et al., WWW ’17)



ARC-1l (Hu et al., NIPS “14)

* Let two sentences meet before their own high-level representations
mature

* Basic matching signals: phrase sum interaction matrix
* Interaction: CNN to capture the local interaction structure
* Aggregation function: MLP

sequence of word 6 word embeddings
embeddings from query and
document (N=3)

ey 1D convolution more 2D convolution
/ T F- T T T 1 and pooling
/i:__ I I —— I I (— ‘
l — [TTTTTT]] H
= | o matching
5 % I | 1| score
()] /vb g
LTI | HYH
: m}j“ oo |
5 (11 mnnmnf

\ N\ ]\ J
Y Y | 82

Layer 1 (1D convolution) Layer 2 (2D pooling) Layer 3 (2D convolution)




ARC-II (cont’)

* Keeping word order information

— Both the convolution and pooling are order preserving

(L) @2) @3 @i

(1,1) (1, 4)

2D pooling

20N 22123 1] (24

(4,2) (3,3)

(CION | REAVAN | REREIN | BER))

=1 41 42 H (43 H 44)

 However, word level exact matching signals are lost

— 2-D matching matrix is constructed based on the
embedding of the words in two N-grams



MatchPyramid (Pang et al., AAAI “16)

* |nspired by image recognition

e Basic matching signals: word-level matching

matrix

* Matching function: 2D convolution + MDP

at ||
wo. | A
\.ﬂ%.
LS

Word matching matrix 2D convolution

OOOOOO

+«— document ——|

— dermer

wb

n

A

pooling

matching
score
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Matching Matrix: Basic Matching Signals

* Each entry calculated based on
— Word-level exact matching (0 or 1)
— Semantic similarity based on embeddings of words

umplings

c
2
o]

mmmmmm

he
ges

down
the
ages

noodles

[
=
Q

dumplings
were

famous

chinese

0000000000 -
0000000000
0000000000 -

000:000000 -

g
o
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Exact match

own
e
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noodles
and
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famous

chinese

00000000:0
0000000:00
000005000

I}
]
Qo
0000000000 -
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0050000000 -
0000000000

000050:-000

Cosine similarity

e Positions information of words is kept
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10N

2D Convolut

stored

’

Kernels Feature Maps

Feature Maps

Kernels

2x4x4

3x3
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Second Convolutional Layer

First Convolutional Layer
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Matching Function

e Discovering the matching patterns with CNN

in the kernels

Matching Matrix
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Discovered Matching Patterns

T,: PCCW's chief operating officer, Mike Butcher, and Alex Arena, the chief financial officer, will report directly to Mr So.
T,: Current Chief Operating Officer Mike Butcher and Group Chief Financial Officer Alex Arena will report to So.

Kernel 1 ‘ "

,."n-.'

2% o

More kernels

i Matching
MLP Score

Kernel 2

Matching Matrix - Dot Product Feature maps Feature maps
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Match-SRNN (Wan et al., IJCAI ‘16)

* Based on spatial recurrent neural network (SRNN)

* Basic matching signals: word-level matching matrix
* Matching function: Spatial RNN + MLP

query
—

g

P

5

\*
[

_/'

Matching matrix Spatial RNN

matching
score
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Match-SRNN: Recursive Matching Structure

the dog play balls on
the “ the
the cat sat
on the ... cat “ cat
cat sat al}
\ p
the dog play on / “
Lballs}_ > ‘ ~—1__J—
the “ the “
e Calculated recursively (from top left to
the cat | sat| on the.. bottom right)
e All matching signals between the prefixes
&_‘ v been utilized
— Current position: sat <—> balls
\ \ — Substrings:
\ e the cat <—> the dog play
the dog play| balls |on ...  the cat <—> the dog play balls
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Decomposable Attention Model for Matching
(Parikh et al., EMNLP ‘16)

 Based on decomposable attention model

* Three steps: attend -> compare -> aggregate
— Attend: soft-align words of query and document
— Compare: separately compare word-aligned subphrase, get matching signals

— Aggregate: aggregate the matching signals for produce final matching score
document word-aligned query
subphrase matching signals

the “ ]
2.
the cat sat cat “
on the mat... H matching

“ score
the dog play “ $ I I I I I I
balls on ... the “ -

mat ‘ qguery word-aligned doc
subphrase matching signals,

generated by an NN G

the dog play balls on

decomposable attention weight
F*(the, balls) = F(the)F (ball)



Representation Learning + Matching Function
Learning (Duet, Mitra et al., WWW 17)

* Hypothesis: matching with distributed representations complements
matching with local representations
— Local matching: matching function learning
— Distributed matching: representation learning

Binary matrix for capturing Convolution +
exact matching signals Fully connected

score 1
local matching)

Neural
Network

query

matching

score

Neural Query rep.

Network
Neural score 2
M\ SVl & Y (distributed matching)
document
Neural Full ted
u connecte
Network Doc rep. '
Convolution + 91

Fully connected element-wise product




Experimental Evaluation

| Method | POL___| MR ____

Traditional IR BM25 0.579 0.457

ARC-| 0.581 0.756
Representation

: CNTN 0.626 0.781
Learning methods
LSTM-RNN 0.690 0.822
ARC-II 0.591 0.765
Matching Function 1 pyramid 0.764 0.867
Learning
Match-SRNN 0.790 0.882

Based on Yahoo! Answers dataset (60,564 question-answer pairs)

* Matching function learning based methods outperformed the
representation learning ones
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Short Summary

Two steps

— 1. Construct basic matching signals

— 2. Aggregate matching patterns

Basic matching signals

— Similarity matrix (exact match, dot product, cosine similarity)
— Attention weights
Aggregate matching patterns

— CNN

— Spatial RNN

— MLP

Combining representation learning (inexact match) and
matching function learning (exact match)
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deep semantic matching |'_ ) “ /

QUERY-DOCUMENT RELEVANCE
MATCHING



Similarity # Relevance
(Pang et al., Neu-IR workshop ‘16)

______________

' N
Fe=t=- it |
,: vdown the ages:‘dumplings and noodles‘ were popular in china

Similarity matching

Whether two sentences are
semantically similar

Homogeneous texts with
comparable lengths

Matches at all positions of
both sentences

Symmetric matching function

Representative task:
Paraphrase Identification

deep semantic matching |. | “ /

Relevance matching

* Whether a document is
relevant to a query

 Heterogeneous texts
(keywords query, document)
and very different in lengths

* Matches in different parts of
documents

Asymmetric matching function

* Representative task: ad-hoc
retrieval



Typical Query-Document Relevance
Matching Methods

* Based on global distribution of matching strengths
— DRMM (Guo et al., CIKM "16)
— aNMM (Yang et al., CIKM ‘16)
— K-NRM (Xiong et al., SIGIR “17)
— Conv-KNRM (Dai et al., WSDM “18)
* Based on local context of matched terms
— DeepRank (Pang et al., CIKM “17)
— PACRR (Hui et al., EMNLP ’'17)



Relevance Matching based on Global
Distribution of Matching Strengths

Step 1: for each query term
— Calculate its matching signals among the document
— Calculate the global matching strength distributions

Step 2: aggregate the distributions

Advantages
— Conducting matching between short query and long document

— Matching strength distributions are robust, compared with the
raw matching signals

Disadvantage
— Lost term order information when calculating the distributions



Deep Relevance Matching Model (Guo et al., CIKM '16 )

* Basic matching signals: cosine similarity of word embeddings = matching strength histogram
* Ranking function: Neural Network + Term Gating Network

* Semantic gap: embeddings bridge the semantic gap

* Word order: histogram mapping lost order information

the

Q: the cat sat
on the mat... cat
sat
on

D: the dog
play balls on ... the
/

the dog play balls on
] “
—
.-\
\
=

Matching matrix based
on word embeddings

Q: the cat sat
on the mat...

n <

Term Gating
Network

Feed Forward

Matching Network

Feed Forward matching
Matching Network score

Feed Forward
Matching Network

Matching Score aggregation

histogram mapping (weighted sum)



K-NRM: Kernel Pooling as Matching Function
(Xiong et al., SIGIR “17)

* Basic matching signals: cosine similarity of word embeddings

* Ranking function: kernel pooling + nonlinear feature combination

* Semantic gap: embedding bridge the semantic gap

 Word order: kernel pooling and sum operations lost order information

<_ (Mij2;§Mk>2>

N

the dog play balls on

Kernel _
the pooling

at Kernel
the cat sat c pooling

on the mat... “

sat M;

the dog play
balls on ... the “
|
mat :
pooling

Matching matrix Soft-TF features ¢ 99
(k-dimensional vectors)

HIRERNRAIRNNRREEN

score

Z ‘E tanh(w<j)+b)k matching

—



Conv-KNRM (Dai et al., WSDM “18)

* Based on KNRM
* N-gram cross-matching to capture local word order information

guery unigram-doc
unigram match

unigrams
N

. :
Kernel pooling
and sum
Kernel pooling
and sum

bigrams / tanh(w¢ + b) . matching

score
- R Kernel pooling
/ and sum
Document
\ | Kernel pooling
| and sum

}

\ 4

Query

\ 4

LTI

il

convolution Cross-match soft-TF features ¢ 100



Experimental Evaluation

S ethod | Noco@1 | Nbc@io

Traditional IR / BM25 0.142 0.287
Learning to rank RankSVM 0.146 0.309
Representation
144 :
Learning Methods CDSSM 0 0.333
Matching Function -+ hpyramid 0.218 0.379
Learning

DRMM 0.137 0.315

ISR ANEIE TSt K-NRM 0.264 0.428
Relevance Matching

Conv-KNRM 0.336 0.481

Results reported in (Dai et al., WSDM ’18), based on Sogou Log dataset (95,229 queries)
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Relevance Matching based on Local
Context of Matched Terms

e Step 1: for each query term

— Ildentify its local contexts (area around exact matching
positions) among the document

— Conduct matching between query and local contexts
e Step 2: aggregate the local matching signals
* Advantages:

— Matching between short query and long document text
— Robust: filter out irrelevant document contents
— Keep order information within each local context



DeepRank (Pang et al., CIKM "17 )

* Calculate relevance by mimicking the human relevance

judgement process

ﬂwz w3 wé

N

g2

ql m m a3
o | HUE
> A

q3 m ql

__,qu

a3

1. Detecting Relevance locations:
focusing on locations of query terms
when scanning the whole document

w5 w6 w7 w8

CNN

—

2DGRU

CNN

——

2DGRU

2. Determining local relevance:
relevance between query and
each location context, using

Local

Relevance

Local

Relevance

=

Term Gating
Network

Recurrent
Network

|

matching score

3. Matching signals aggregation:

F(q,d)

MatchPyramid /MatchSRNN etc.

> (BT T(w)

weq



Position-Aware Neural IR Model
(PACRR, Hui et al., EMNLP "17)

* Hypothesis: relevance matching is determined by some positions in
documents
— First k words in document (FirstK), or
— Most similar context positions in document (Kwindow)

FirstK Reshape
IDF

wl w2 w3 w4 inf .
information
r > a0l
02 L] l

<«— document "‘ a3
wn Multi Window
query OR Convolution
N . Network

wl w2 w3 w4 i

M ql . Recurrent
' q2 . . Network

=[] ] }

KWindow Reshape matching score




Experimental Evaluation
—m

Traditional IR 0.231 0.131
Matching Eunctlon MatchPyramid 0.278 0.176
Learning

S DRMM 0.300 0.193

Global Dl.strlb-utlon K-NRM 0.324 0.201
of Matching Signals

DUET 0.267 0.179

Local Context of PACRR-firstk 0.339 0.221

Matched Terms

Results reported in (Hui et al., EMNLP ‘17), based on Web Track 14 dataset.
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Short Summary

* Methods based on global distributions of
matching strengths
— 1. calculating term matching strength distributions
— 2. aggregating the distributions to a matching score

 Methods based on local context of matched
terms
— 1. Identifying the relevance locations / contexts
— 2. Matching the whole query with the local contexts

— 3. Aggregating the local matching signals
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Outline of Tutorial

* Part 2: Deep Learning Approaches to Matching

— Deep matching models for recommendation

Slides: http://comp.nus.edu.sg/~xiangnan/sigir18-deep.pdf



http://comp.nus.edu.sg/~xiangnan/sigir18-deep.pdf
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Methods of Representation Learning

1. Collaborative Filtering:

Models are built based on user-item interaction matrix only.

- DeepMF: Deep Matrix Factorization (Xue et al, IJICAI'17)

- AutoRec: Autoencoders Meeting CF (Sedhain et al, WWW’15)

- CDAE: Collaborative Denoising Autoencoder (Wu et al, WSDM’16)

2. Collaborative Filtering + Side Info:

Models are built based on user-item interaction + side info.

- DCF: Deep Collaborative Filtering via Marginalized DAE (Li et al, CIKM’15)
- DUIF: Deep User-Image Feature (Geng et al, ICCV’15)

- ACF: Attentive Collaborative Filtering (Chen et al, SIGIR’17)

- CKB: Collaborative Knowledge Base Embeddings (Zhang et al, KDD’16)



Recap MF as a Neural Network

* Input: user -> ID (one-hot), item -> ID (one-hot).

* Representation Function: linear embedding layer.

* Matching Function: inner product.

K
mF.ilpu. Qi) = PL9i = D Puk ik
k=1

0

1

0

0

User One-hot Representation

N\
Yui

Prediction Layer

Element-wise Product Layer

Embedding Layer

0

0

1

0

Item One-hot Representation

Input Layer
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Deep Matrix Factorization (Xue et al,
JCAI'17)

* Input:
user -> items that she has rated (multi-hot), i.e., row vector of Y
indicates the user’s global preference

item -> users who have rated it (multi-hot), i.e., column vector of Y
indicates the item’s rating profile.

5 0
Interaction Matrix 'y uw| 004003101 20 -0/-----00

0 1 MxN



Deep Matrix Factorization (Xue et al,

JCAI'17)

* Representation Function:

— Multi-Layer Perceptron

Relevance measured
by cosine similarity

User Representation

Latent representation

W
Multi-layer non-
linear projection
W>
Wi

(

P

layer N

layer 2

layer 1

\

0

Matching Function: cosine similarity

4 5
layer N
layer 2
layer 1
"
0
CE O D 2 0 0 ..... 00

cosine(pi, q;)

ltem Representation

_ p?qj

lpall llgs

114



AutoRec (Sedhain et al, WWW’15)

* Input: (similar to DeepMF)
user -> historically rated items (user-based autoencoder).

item-> ID
* Representation Function: Multi-Layer Perceptron
* Matching Function: inner product

Input reconstruction: a(r;0) = f (W - g(Vr + p) +b)

mmzhr D — DO+ S - (W + VI,

-+ QOutput weights denote item representation

Hidden neurons denote user representation

v@/@@"

user-based autoencoder 115



Collaborative Denoising Auto-Encoder
(Wu et al, WSDM’16)

* |nput:
user -> ID & historically rated items (similar to SVD++)
item->1D

* Representation Function: Multi-Layer Perceptron

Input Hidden Output
Layer Layer Layer
; ” Hidden neurons are user representation:
ul u
) T ~
p —] Zy = h (W Yu + ‘[u. + b) 3
Yu2 .
gu3 SE . AN ' Yu3 ) ) .
W > Weights of output layer are item representation
Yua T . . 1T /
;/. ) Yui = f (W1 Zu + bz) 3
guS

\"

‘ Bias Node
\

User Node 116



Short Summary

Either ID or history is used as the profile of user/item

Models with history as input are more expressive, but are also
more expensive to train.

The Auto-Encoder architecture is essentially identical to
MLP (representation learning) + MF (matching function).

Y I

Nonlinear Linear



Methods of Representation Learning

2. Collaborative Filtering + side info:

Models are built based on user-item interaction matrix + side info.

- DCF: Deep Collaborative Filtering via Marginalized DAE (Li et al, CIKM’15)
- DUIF: Deep User-Image Feature (Geng et al, ICCV’15)

- ACF: Attentive Collaborative Filtering (Chen et al, SIGIR’17)

- CKB: Collaborative Knowledge Base Embeddings (Zhang et al, KDD’16)



Deep Collaborative Filtering via
Marginalized DAE (Li et al, CIKM’15)

* Denoising Auto-Encoder is used to learn features (hidden
layers) of user and item from side information.

* The predictive model is MF.

" Inputlayer Hidden layer Output layer

User age, gender, | % O O |
: : | W' |
C|ty’ occupa“on’ éFéJastirreOl >O-—>L(X, ) User featur(.es ltem featurfrs
. e O | reconstruction  reconstruction
locations ... 0 O
e T arg min (oW, P U)+[Cv(Wa, Py, V)]
User--Item Wo Pl P2
Rating matrix 1% -> I(R,U,V) 2,41,
; vt A 46 (R-UVT)E + BIUIR + [VIE)
T o o Matrix Factorization
ltem genres, % W, 8
. i Item > --> L(Y,V) |
title, texts Feature ) O |
v O O
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DUIF: Deep User and Image Feature
Learning (Geng et al, ICCV’15)

Recommended Images (b)

Task: collaborative image recommendation

Deep CNN (AlexNet) is used to extract features
for images

The deep image features (dim=4096) are
projected to user latent space (dim=300) by
using linear projection.

The predictive model is MF:

Linear Projection Image raw features

The overall model (MF+W+CNN) is trained end-
to-end.
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ACF: Attentive Collaborative Filtering
(Chen et al, SIGIR’17)

* |nput:
user -> ID & historical interacted items.
ltem -> ID & visual features.

* |tem Representation:

Component-level attention -> components contribute differently to
an item’s representation

-

N\ | {x1. } |

X = . Bli.Lm) X,
m=1

.. |/ Attention Net determines

) each region’s weight:

- Input: user embedding and

region features

_____

A user’s preference on

different components of the
item are not equal!

Features of each region
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ACF: Attentive Collaborative Filtering
(Chen et al, SIGIR’17)

* |nput:
user -> ID & historical interacted items.
item -> ID & visual features.

* User Presentation:

— ltem-level attention -> historical items contribute differently to a
Attentive SVD++ model:

3 July 2017 Attention weight determines each item’s weight:

A user’s preference on - Input: user embedding and item embedding
different items of user history

are not equal!
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CKE: Collaborative Knowledge Base

* Input:

user -> ID

Embedding (Zhang et al, KDD’16)

item -> ID + Information in KB (structural, textual, visual)

Collaborative
Joint Learning

Knowledge Base
Embedding

Dataset

/ Matching Function: inner product

[

(us er latent vcctm)

|

(item latent \'cctoD

______________ e

user item

user implicit feedback

| | | |
Gtcm of fset vcct(n) (structural \'cctur) C textual vector ) ( visual vector )
A
T T

T

structural embedding  textual embedding visual embedding
(Bayesian TransR) (Bayesian SDAE) (Bayesian SCAE)

B S S

structural knowledge textual knowledge visual knowledge

123
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CKE: Collaborative Knowledge Base
Embedding (Zhang et al, KDD’16)

* Representations:

— Structural embedding: TransR, Transk, ...

My
h/

¢ r

—.eh T T
P vy, = viM,, v; = viM,.

te ,Mr-/'“r fr(vn,ve) = ||V + 1 — V;‘H5

Entity Space Relationship Space of T

— Textual embedding: stacked denoising auto-encoders (S-DAE)

— Visual embeddlng stacked convolutlonal auto- encoders (SCAE)

vlayer Qg v lay QZ full la ch3 full lay Q4 conv layer ()
/_H K_HK_H K_H /_H

O

: O

= \ o

0 O

. o

R ©

. . visual

coi:]:pt::d feature feature embeddin feature feature 4clean‘
age maps maps maps maps image

vector

Al Z, Z, Zs Z, 71 7 124



Short Summary

* A General framework to summarize the above works:

Matching function is a simple inner
product or cosine similarity

1
Inner Product ]

———————— 0 Fmm -
Py |+ Py | a4+ 9
User Feature Extraction Item Feature Extraction
DNN DNN
(e.g., MLP, DAE, (e.g., CNN, DBN,
RNN ...) DAE, CAE ...)
User data: attributes, texts, Item data: attributes, texts,
contexts, rating history ... image, music, video ...

* Depending on the available data to describe a user/item, we
can choose appropriate DNN to learn representation.
E.g., Textual Attributes -> AutoRec, Image -> CNN, Video -> RNN etc.
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Next: Methods of Matching Function

Learning

1. CF models:

- Based on Neural Collaborative Filtering (NCF) framework:
NeuMF: Neural Matrix Factorization (He et al, WWW’17)
ConvNCF: Outer Product-based NCF (He et al, JCAI'18)

- Based on Translation framework:

TransRec: Translation-based Recommendation (He et al, Recsys’17)
LRML: Latent Relational Metric Learning (Tay et al, WWW’18)

2. Feature-based models:

- Based on Multi-Layer Perceptron:
Wide&Deep (Cheng et al, DLRS’16),
Deep Crossing (Shan et al, KDD’16)

- Based on Factorization Machines (FM):
Neural FM (He and Chua, SIGIR’17),
Attentional FM (Xiao et al, ICAI'17),
DeepFM (Guo et al, JCAI'17)



Neural Collaborative Filtering Framework
(He et al, WWW’17)

 NCF is a general framework that replaces the inner product with a
neural network to learn the matching function. 7.. = f(p,,q;)

Output Layer

Neural CF Layers

Embedding Layer

Matching function based on NN

Target

Matching function:

/ design whatever

layers as you like.

Input: design

Score (fe— 208y
/ L;yler X \
e
\ Layer 2 \
f
\ Layer 1 \

User Latent Vector
><PJM><K = {puk}

Input Layer (Sparse) | 0 | 0 | 0 n o| 0 ‘ ......

[ofolo]o

Item Latent Vector whatever features
T Q= Q) dsS you wa nt.
1| 0 ‘ ......

User (u)

Item (1)

Figure 2: Neural collaborative filtering framework

128



Multi-Layer Perceptron for CF

 The most intuitive idea is to use Multi-Layer Perceptron as the
matching function.

Wully connected
4 'MLP Llayer X N ’
$ ReLU Unfortunately, MLP doesn’t perform
Y well and underperforms MF.
MLP Layer 2
T ReLu
MLP Layer 1 Why?
\ /v(.‘oncatenation\ /
User Latent Vector Item Latent Vector
:;’;X“/”:ZPM <k = Py’ ,::.i:if?iiiz"‘:"fffif-i, Qyx = Qi
0|00 n O O wevee OlolO| O[22 O} e
User (u) Item (i)
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DNN is Weak in Capturing Multiplicative Relation

« Evidence from Google researchers (Beutel et al, WSDM’18)
> Setting: generate low-rank data, and use one-layer MLP to fit it

1 - Pearson Correlation (1-R)
P
1

[
o
|

wu

r: rank size; m: data dimension (2 -> matrix; 3 -> 3D tensor).

4I0 6IO
Hidden Layer Width

80

100

MLP can learn low-rank
relation, but is inefficient in
doing so!

- Need to use 100 neurons to fit
a rank-1 matrix.

Insight: need to augment
DNN with multiplicative
relation modeling!

130



NeuMF: Neural Matrix Factorization

(He et al, WWW’17)

* NeuMF unifies the strengths of MF and MLP in learning the
matching function:

— MF uses inner product to capture the multiplicative relation

— MLP is more flexible in using DNN to learn the matching function.

/

N

B\ Training )
Score .&..w Log loss Yui) Target
e T
[ " NeuMF Layer ] \
Conca‘tm
. MLP LayerX |
GMF Layer | + RelU
*
lement-wisé — l;aye;ezw ‘
Product MLP Layer 1

/ e S S~
| MF User Vector MLP User Vector | MFitem Vector | | MLP Item Vector |
o[ofo [l o] o] -- ojojo|ofa]o

User (u)
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NNCF: Neighbor-based NCF
(Bai et al, CIKM’17)

* Feeding user and item neighbors into the NCF framework

— Direct neighbors or indirect community neighbors are considered.

A

Output Layer )/ui ............................. ’J/ui

Dense |sigmoid

Multi-Layer Perceptron

MLP Dense : RelLU

v, vV evy

Intergration Layer )(W
(o 09 (V) I

v vu,i = pu Oql V.
Convolution+Max-poo|in§/ /\ ‘\Convolution+Max-pooIinJ
N N
" P, q; yon e
Embedding T T T Embedding
Input Layer .- B }00 AAA AAAA-
\ nu Xu Yi “1 / |

User neighbors ltem neighbors
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Experiment Results(Bai et al, CIKM’17)

Datasets | #Interaction | # Users | #Items | Sparsity

Delicious 437,593 1,867 69,223 | 99.66%
MovieLens 1,000,209 3,706 6,040 95.53%

Performance Comparison on Item Recommendation (%)

Toatusets | beious | Movielens

- - - . - . :
ltemPop 5.41 3.22 31.49 20.18 | CF method is better than
non-personalized method
_ ItemKNN 59.69 55.90 45.01 30.14 |
Model-based CF is better
MF-BPR 73.77 74.11 51.03 36.21 than memory-based CF
" NeuMF 85.53 80.68 56.55 38.30 |
Deep NCF models are
NNCF 87.31 84.58 62.00 42.21 y better than shallow MF

models by a large margin.
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ONCF: Outer-Product based NCF (He et al,
1JCAI’18)

 The above NCF models merge user embedding and item
embedding with element-wise product or concatenation:

— Implicitly assume that embedding dimensions are independent.

* How to model the relations between embedding dimensions?

* ONCF applies outer-product on user embedding and item

embedding: § < 1anng_ ppp

— Explicitly models pairwise correlations ———-;"—"——'—";-l‘;-__J

between embedding dimensions:

Outer-product gets a 2D “interaction map”:

Ck1,k2 = Pu,k19i,k2 /ﬂ@z\J

- Diagonal elements are inner product | _User Embodaing | ERIEEEREIR
\g 7 Py \s,'.:“i?'.,QNxK
|o|1|o| p | lho &

) 134
User (u) Item (i)



ONCF: Outer-Product based NCF (He et al,

V4
1JCAI’18)
' I\Ui < Training BPR . . ‘
___,;;'.';__‘;;-_.._____J Above the interaction map are hidden
{ J layers, which aim to extract useful
signal from the 2D interaction map.
/;u@);\ A straightforward solution is to use MLP,
[ User Embedding ) [ Ttem Embeading however it results in too many parameters:
NS Z P /NS 7 Qi Interaction map E has KX K neurons (K is
o7 [ol. 0I1I0I , ]
User (1) item (i) embeddings size usually hundreds)

- Require large memories to store the model
- Require large training data to learn the
model well
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Convolutional NCF (ConvNCF)
(He et al, IJCAI'18)

* ConvNCF uses locally connected CNN as hidden layers in ONCF:
— CNN has much fewer parameters than MLP
— Hierarchical tower structure: higher layer integrates more
information from larger area.
— Final prediction summarizes all information from interaction map.

A Training BPR

Layer 1 Layer 2 Layer3 Layer4 Layer5 Layer6 Prediction

Interaction Map

I:_._‘ ————————— - ——J /:l:l

; - - TSR TR SISO . . CN lé! o s g F — @%V
: . . . :.‘ :: > —_=__'_|-|
E : BH: ature Map 32 1. } ‘ — 50

|:I7 8x8 4x4
____________________________________________
Feature Map ‘\E:I 16x16

Outer product to get ¥ Feature Map 2
a 2D interaction map FeatureMap 1 32x32
like an “image”!

)=

/;L,@)(Ii

7z

N
User Embedding ] | _ltem Embedding = 2 Fully Connected Layers: > 10M parameters
S 7 Pk / \ 7 Quxk

s I e i = 6 Convolutional Layers: 20K parameters, but
User () o () achieve better performance!
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Experiment Results (He et al, [JCAI’18)

Datasets | #Interactions | #Users | #Items | Sparsity
Yelp 730,791 25,815 | 25,677 | 99.89%
Gowalla 1,249,703 54,156 | 52,400 | 99.95%

Coatusets | Gowala | veb

ltemPop 20.03 10.99 7.10 3.65
ME-BPR 62.84 48.25 17.52 11.04
MLP 63.59 48.02 17.66 11.03
IRGAN 63.89 49.58 18.61 11.98  ConvNCF are better
than NeuMF and MLP
NeuMF 67.44 53.19 18.81 11.89 | with much fewer
ConvNCE 69.14 54.94 19.06 12.09 | parameters.
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Overview of Translation-based Models (Tay et
al, WWW’18)

MF-based model:

|

User

N

ltem

>

Push user vector close to item vector
Measure closeness by inner product
(or cosine similarity)

Translation-based:

Head + Relation = Tail

Translation Vector

User /= ~——_ _

>

Push user vector + relation vector
close to item vector

Measure closeness by Euclidean
distance




TransRec (He et al, Recsys’17)

* Focused on next-item recommendation

— Third-order relationship between <user, current item, next item>
— Define relation vector as the current item:

Predictive Model:
Prob(j | u,i) < Bj — d(Fi + Tu. 7).

ﬁ‘ranslation operation:

@7‘87}. item + user = next item / \
> . .
Item bias Translation
Figure 1: TransRec as a sequential model: Items (movies) are distance

embedded into a ‘transition space’ where each user is modeled
by a translation vector. The transition of a user from one item
to another is captured by a user-specific translation operation.
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Latent Relational Metric Learning
(Tay et al, WWW’18)

e Distance-based predictive model:

s, =1lp+r-qlls

where r is the latent relation vector, formed by an attentive
sum over memory vectors:

I \

(" Attentive weight, with inner producﬁ 4
s=p O q as input.
(the relation vector is dependent on
\ user and item) )\

Memory vector, which can

encode user attributes/interest.

~

J
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LRML model:
s(p,q) = ||p+r—CI||2

Latent relation vector:

r = E aim;
]

Memory vectors m;

(free parameters to
learn)

@enerate attentive \

weights:
ai = (p© @' ki)

Key for memory i

Normalize using softmy

rd

\

User-ltem Keys

Tlnner Product

Joint Embedding

User Vector p

Hadamard
Product

Item Vector q ,

User Embedding Layer

Item Embedding Layer

Relation
Modeling Layer
2 .
Relation Layer
_ > €~
o Ip+r —ql TR
/', RN
a N
0B Latent N
P / LRAM Relation \
- J Vector r \
! Memory Sl \
; ry Slices AL 3
; Ve N
- ‘-
M1 M2 M3 M4 M5 M6 \
! \
' \
i )
! nglmax A 4 4 |
1 * 1
i ;
I i
| L N "
! i
1 '
- K1 K2 K3 K4 K5 K6 ;
| '
'
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Next: Methods of Matching Function Learning

Feature-based models:

- Based on Multi-Layer Perceptron:
Wide&Deep (Cheng et al, DLRS’16),
Deep Crossing (Shan et al, KDD’16)

- Based on Factorization Machines (FM):
Neural FM (He and Chua, SIGIR’17),
Attentional FM (Xiao et al, ICAI'17),
DeepFM (Guo et al, JCAI'17)



E.g., user gender,

Recall: Input to Feature-based Models

4
4

<
)
/

cantext data

7
4
4

/
4

E.g., recent history,
location, time, weather,
mood ...

7 ,/
age, occupation rating data
personality ... s 4
I T
p U H
y E.g., item category
itéem data o '
! description, image ...
@One-hot encoding
Eachrow [ / Feature vector x Y ([Target y )
- 7N\ N\
encodes all [xo[ 1 T0 0 /. f1]o]o|o]..|os[o3]03]o0 5 |y
info for a x@l1]0]o0 ol1]/0|0]../0.3/0.303]| 0 3 |y®
rating X1 0] o olof1]o]..lo3l03]03]o0 1 [yo
x 0|10 o/o|l1]0 0| 00505 .. 4 |y®
x®l0o|1]0 0o/o|0|1 0| 005/05 .. 5 |y®
x®l 0| 0|1 1/0|/0|0]..lo5 0050 1 |y®
x?l 0|01 0o/0o|/1/0]|../l05 0050 5 |y
A B C TI NH SW ST ...
L\ User Movie Y, )

e

/Input Features: \

1. Categorical features:
user/item ID, bag-of-words,

historical features...

2. Numerical features:

textual/visual embeddings,
converted features (e.g. TFIDF,

@DT)... /
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Key to Feature-based Models

e Feature vector is high-dimensional but sparse
— Consider the CF case: feature vector = user ID + item ID
— Need to discover prediction patterns in nonzero features

* The interactions between features are important
E.g., users like to use food delivery apps at meal-time
=> Order-2 interactions between app category and time

E.g., male teenagers like shooting games
=> Order-3 interactions between gender, age, and app category.

e Crucial for feature-based models to capture feature
interactions (aka., cross features)
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Wide&Deep (Cheng et al, Recsys’16)

Ve Output Units
-/ -/ -t
Hidden Layers  Standard MLP
-4 uf uf
Dense Embeddin
L X ® 0 Embeddings &

Concatenation
Sparse Features

Wide & Deep Models

- The wide part is linear regression for memorizing seen feature interactions,
which requires careful engineering on cross features.
E.g., AND(gender=female, language=en) is 1 iff both single features are 1

- The deep part is DNN for generalizing to unseen feature interactions.
Cross feature effects are captured in an implicit way.
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Wide&Deep for Google App Recommendation

(Cheng et al, Recsys’16)

Logistic Loss

ReLU (256)

RelLU (512)

ReLU (1024)

Concatenated Embeddings (~1200 dimensions)

Crucial to overall
performance

Cross Product
Transformation

Embeddings Embeddings Embeddings Embeddings
Age #App ... #Engagement User Device User Installed Impression
9 Installs sessions Demographics Class App App

Continuous Features

Categorical Features
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Deep Crossing (Shan et al, KDD’16)

Microsoft’s CTR Prediction Solution in 2016:

X;
Objective short-cut:
RelLU

Scoring Layer

. . W_1,b_1

Residual Unit: - J
Multiple Residual Units
RelLU
Stacking Layer W_0,b_0
Xy
Embedding #1 Embedding #n
Feature #1 J Feature #2 e o o Feature #n

The main difference from Wide&Deep is the use of residual
layers, which allow deeper network to be built (~10 layers).



RMSE

Empirical Evidence (He and Chua, SIGIR’17)

0.5

However, when only raw features are used, both DL models
don’t perform well in learning feature interactions.

Solid line: testing loss;

0.4 -

0.3 -

0.2 -

0.1 1

0

‘_‘
e e e - - d

0

20

40 60 80
Epoch

100

(a) Random initialization

With random initialization, deep

methods underperform FM.

Dashed line: training loss

0.4 -

0.3 -

RMSE

0.2 -

0.1 -

——Wide&Deep(test)

- = ‘Wide&Deep(train)
DeepCross(test)
DeepCross(train)

——LibFM(test)

-
-
o -
s—..__~_.__

40 60 80
Epoch

100

(b) FM as pre-training

Some issues of DL
methods:

Easy to overfit

Hard to train well
Need good init.

With FM embeddings as pre-training,

Wide&Deep slightly outperforms FM.
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Why MLP is Ineffective?

Besides optimization difficulties, one reason is in model design:

Q Objective

Output Units Ve
4 w4 w4 Scoring Layer
Hidden Layers !
ol ol -/ Multiple Residual Units
]
Dense P
Embeddings o0 o0 acking Layer
—
Sparse Features / \
Deep Models Embedding #1 Embedding #n

Feature #1 Feature #2 e o o Feature #n

1. Embedding concatenation carries little information about

feature interactions in the low level!
2. The structure of Concat+MLP is ineffective in learning the

multiplicative relation (Beutel et al, WSDM’18).

149



Recap: Factorization Machine

* FM explicitly models second-order interactions
between feature embeddings with inner product:

Only nonzero features
are considered

y(x) = wo + szxz + ZZ < Vi, v; >[rix;

1=1 3>
\ ' ) | : J
First-order: Linear Second-order: pair-wise interactions
Regression between nonzero features

— Note: self-interaction is not included: <v=v>.
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NFM: Neural Factorization Machine
(He and Chua, SIGIR’17)

Neural FM “deepens” FM by placing hidden layers above
second-order interaction modeling.

Prediction Score

“Deep layers” learn higher-order
feature interactions only, being
much easier to train.

Hidden Layers

| Bi-Interaction Pooling |

Bilinear Interaction Pooling:

B-Interaction Layer

RN

v,

V,

A

A

V;

0

1

0

1

00

0.2

------

fBr(Vx) = Xivi © X;jvj,

1

NGt

n
i=1j=
Embedding Layer

Input Feature Vector (sparse)

Figure 2: Neural Factorization Machines model (the first-
order linear regression part is not shown for clarity).
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Experiment Results (He and Chua, SIGIR’17)

All methods are fed into raw features without any feature engineering

Task #1: Context-aware App Usage Prediction || Task #2: Personalized Tag Recommendation
- Frappe data: instance #: 288,609, feature #: 5,382 - Movielens data: Inst #: 2,006,859, Feat #: 90,445

Table: Parameter # and testing RMSE at embedding size 128

T e | Movietens__

Trethod | P | vt | parame | e

Logistic Regression 538K 0.5835 0.09M 0.5991  1.Shallow embedding methods

‘FM 1.38M  0.3385 23.24M 0.4735 I(?arn in’Feractions, better than
simple linear models

High-order FM 2.76M 03331 46.40M 0.4636 ) 3 peep embedding methods:
( . -
Wide&Deep (3 layers)  4.66M 03246  24.69M 0.4512 | Wide&Deep = Concat:3 layers

DeepCross = Concat+10 layers

 DeepCross (10 layers) 8.93M 0.3548 25.42M 0.5130 ) 3. Neural FM

I = Bl pooling + 1 layer
[Neura FM (1 layer) 1.45M 0.3095 23.31M 0.4443 ] Shallower but outperforming

existing deeper methods with
less parameters.

J\_

Codes: github.com/hexiangnan/neural factorization machine
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X1

X2

X3

X4

X6

X7

Xg

Sparse Input |

AFM: Attentional Factorization Machine
(Xiao et al, IJCAI'17)

Neural FM treats all second-order feature interactions as
contributing equally.
Attentional FM uses an attention network to learn the weight of
a feature interaction.
0 i
. S (02 OVa)Ty%n < Attention Net . .
o| | I (0, OV XX A24 ' fani(Vy) = Z Z (Xivi © XjV;)a;;
02— Vg Xy ; o 226 . i=1 j=i+1
0 4 6 416 a;l-z Z
) | ve e (v20OVg)xxg :%8 agj = l‘lT]:ieLl](‘V(VZ ® vj)xia;j + b),
0 (v4Ovg) x4 x5 L Aes | exp(a;j)
- Qij = Y
0.4 Vg - Xg (v6®OVg)xexg I J Z(i,j)GRm exp(aij)
Embedding | Pair-wise Interaction Attention-based Pooling
Layer ‘ Layer
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X1

X2

X3

X4

X6

X7

Xg

Sparse Input

Explaining Recommendation with AFM

The attention scores can be used to select the most predictive
second-order feature interactions as explanations.

(V2 OV XX,

0
1 V2 - X3
0
0.2 . Vg - Xy
0
1 ' Ve * X6
0
0.4 Vg " Xg
Embedding
Layer

second-order interactions

(v6OVg)x6x35

Pair-wise Interaction
Layer

~
(v2®v6)x2x6
(v4OV6) x4 X6
(v2®v8)x2x8
(v4©v8)x4x8 .

A\ ISEYNAL

/

Attention Net

a4

-

Attention-based Pooling

~

_/

Example: explainable

> recommendation with

second-order cross features:

NS

L%

<Female, Age 20>
<Age 20, iPhone>
<Female, Color Pink>
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Experiment Results

Task #1: Context-aware App Usage Prediction
- Frappe data: instance #: 288,609, feature #: 5,382

Task #2: Personalized Tag Recommendation
- Movielens data: Inst #: 2,006,859, Feat #: 90,445

Table: Parameter # and testing RMSE at embedding size 128

T e | Movietens__

Trethod [ param | Rarse | pararw | st

Logistic Regression 5.38K 0.5835 0.09M 0.5991

FM 1.38M 0.3385 23.24M 0.4735

High-order FM 2.76M 03331 46.40M 0.4636

Wide&Deep (3 layers) 4.66M  0.3246  24.69M 0.4512

DeepCross (10 layers) ~ 8.93M  0.3548  25.42M 0.5130  AFM without hidden
Neural FM (1 layer) 1.45M 0.3095 23.31M 0.4443 |layers can be better than
Attentional FM (0layer) 1.45M 0.3102 23.26M 0.4325 |\ M with 1hidden layer.

Codes: github.com/hexiangnan/attentional factorization machine

Adding hidden layers to

AFM further improves.
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DeepFM (Guo et al., IJCAI'17)

* DeepFM ensembles FM and DNN and to learn both second-

order and higher-order feature interactions:
FM structure: DNN structure:

— e ——————— ————— — — —— — — —y

|
Output Units |

—_———— e ——— . ——— —

—_———_——e— e — — — — —

Output Units :

FM Layer :
________________
fmm—m—m e A N ——— e — —
o @e o000 = |
| °e Embeddings
———hk A ————— Ak —— A—————————==- S gy g A-Coooooooo 1 7
e 3L e N e e e
I oo ce e ... Sparse Features! LSparse Features e s - s :
0 S S S U —

e — —— —— — — — —— —— —— — —— —— — — —— — — — — —— — — — — — —

Field i Field j ce Field m

Prediction Model: @DeepFM — @FM + ﬁDNN

— Note: FM and DNN share the embedding layer.
— DeepFM learns DNN from the residual of FM
— NeuralFM learns DNN based on the latent space of FM
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Short Summary

v’ Feature interaction learning is crucial for matching function
learning in recommendation.

- Many models have been explored, e.g., DNN, FM, Attention Net etc.

v One insight is that doing early cross on raw features (or feature
embeddings) is important to performance. E.g.,
- Wide&Deep do manual cross on raw features
- FM-based methods do second-order cross on feature embeddings

* Most models learn higher-order interactions with DNN, making
higher-order effects hard to explain.

* It remains challenging to do higher-order interaction learning in
an explainable way.



References

Paul Covington, Jay Adams, and Emre Sargin. Deep neural networks for youtube recommendations.
In Recsys 2016.

Xiang Wang, Xiangnan He, Ligiang Nie, and Tat-Seng Chua. Item silk road: Recommending items
from information domains to social users. In SIGIR 2017.

Hong-Jian Xue, Xin-Yu Dai, Jianbing Zhang, Shujian Huang, and Jiajun Chen. Deep matrix
factorization models for recommender systems. [JCAI 2017.

Suvash Sedhain, Aditya Krishna Menon, Scott Sanner, and Lexing Xie. Autorec: Autoencoders meet
collaborative filtering. In WWW 2015.

Yao Wu, Christopher DuBois, Alice X. Zheng, and Martin Ester. Collaborative denoising auto-
encoders for top-n recommender systems. In WSDM 2016.

Sheng Li, Jaya Kawale, and Yun Fu. Deep collaborative filtering via marginalized denoising auto-
encoder. In CIKM 2015.

Xue Geng, Hanwang Zhang, Jingwen Bian, and Tat-Seng Chua. Learning image and user features for
recommendation in social networks. In ICCV 2015.

Jingyuan Chen, Hanwang Zhang, Xiangnan He, Ligiang Nie, Wei Liu, and Tat-Seng Chua. Attentive
collaborative filtering: Multimedia recommendation with item-and component-level attention. In
SIGIR 2017.

Fuzheng, Zhang, Nicholas Jing Yuan, Defu Lian, Xing Xie, and Wei-Ying Ma. Collaborative knowledge
base embedding for recommender systems. In KDD 2016.

Xiangnan He, Lizi Liao, Hanwang Zhang, Ligiang Nie, Xia Hu, and Tat-Seng Chua. Neural collaborative
filtering. In WWW 2017.

Ting Bai, Ji-Rong Wen, Jun Zhang, and Wayne Xin Zhao. A Neural Collaborative Filtering Model with
Interaction-based Neighborhood. CIKM 2017.



References

Xiangnan He, Xiaoyu Du, Xiang Wang, Feng Tian, Jinhui Tang, and Tat-Seng Chua.
Out Product-based Neural Collaborative Filtering. In IJCAI 2018.

Tay, Yi, Shuai Zhang, Luu Anh Tuan, and Siu Cheung Hui. "Self-Attentive Neural
Collaborative Filtering." arXiv preprint arXiv:1806.06446 (2018).

Ruining He, Wang-Cheng Kang, and Julian McAuley. Translation-based
Recommendation. In Recsys 2017.

Yi Tay, Luu Anh Tuan, and Siu Cheung Hui. Latent Relational Metric Learning via
Memory-based Attention for Collaborative Ranking. In WWW 2018.

Heng-Tze Cheng, Levent Koc, Jeremiah Harmsen, Tal Shaked, Tushar Chandra,
Hrishi Aradhye, Glen Anderson et al. Wide & deep learning for recommender
systems. In DLRS 2016.

Ying Shan, T. Ryan Hoens, Jian Jiao, Haijing Wang, Dong Yu, and J. C. Mao. Deep
crossing: Web-scale modeling without manually crafted combinatorial features. In
KDD 2016.

Xiangnan He, and Tat-Seng Chua. Neural factorization machines for sparse
predictive analytics. In SIGIR 2017.

Jun Xiao, Hao Ye, Xiangnan He, Hanwang Zhang, Fei Wu, and Tat-Seng Chua.
Attentional factorization machines: Learning the weight of feature interactions via
attention networks. 1JCAI 2017.

Guo, Huifeng, Ruiming Tang, Yunming Ye, Zhenguo Li, and Xiugiang He. Deepfm: A
factorization-machine based neural network for CTR prediction. IJCAI 2017



Outline of Tutorial

Unified View of Matching in Search and
Recommendation

Part 1: Traditional Approaches to Matching
Part 2: Deep Learning Approaches to Matching
Summary

Slides: http://comp.nus.edu.sg/~xiangnan/sigir18-deep.pdf
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Summary

Search and Recommendation are two sides of the same coin
Search -> Information Pull with explicit info request (query)

Recommendation -> Information Push with implicit info request (user
profile, contexts)

Technically, they can be unified under the same matching view
— Though they are studied by different communities: SIGIR vs. RecSys

Deep learning-based matching methods
— Representation learning-focused
— Matching function learning-focused

Matching is a generic problem for a wide range of applications

E.g., online advertising, question answering, image annotation, drug design



Challenges

* Data: building better benchmarks
— Large-scale text matching data
— Large-scale user-item matching data with rich attributes/contexts.

 Model: data-driven + knowledge-driven
— Most current methods are purely data-driven
— Prior information (e.g., domain knowledge, large-scale knowledge
based) is helpful and should be integrated into data-driven learning in
a principled way.
* Task: multiple criteria
— Existing work have primarily focused on similarity
— Different application scenarios should have different matching goals

— Other criteria such as novelty, diversity, and explainability should be
taken into consideration



Thanks!

Slides: http://comp.nus.edu.sg/~xiangnan/sigir18-deep.pdf
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