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Text matching

How many people live in Melbourne

What’s the population of Melbourne

Matching
Score/Probability



Text matching

Text	matching	is	a	core task	in	natural	language processing.

Match(T1,T2)	=	F(𝜙(T1),𝜙(T2))
Composition	Function Interaction	Function

Task Text	1 Text	2
Information	retrieval query document
Question	answering question answer

Automatic conversation dialog response
Paraphrase	Identification string	A string	B



Text matching

A	number	of	deep	matching	models	have	been	proposed!

ü DeepMatch [Lu	et	al.	2013]
ü ARCI	[Hu	et	al.	2014]
ü ARCII	[Hu	et	al.	2014]
ü CNTN	[Qiu et	al.	2015]
ü MatchPyramid [Pang	et	al.	2016]
ü MV-LSTM	[Wan	et	al.	2016a]
ü Match-SRNN	[Wan	et	al.	2016b]
ü MIX	[Chen	et	al.	2018]
ü …

Paraphrase	Identification
ü DSSM	[Huang	et	al.	2013]
ü CDSSM	[Ye	et	al.	2014]
ü DRMM	[Guo et	al.	2016]
ü Duet	[Mitra et	al.	2017]
ü K-NRM	[Xiong et	al.	2017]
ü PACRR	[Hui	et	al.	2017]
ü DeepRank [Pang	et	al.	2017]
ü Conv-KNRM	[Dai	et	al.	2018]
ü HiNT [Fan	et	al.	2018]
ü …

Information	Retrieval
ü Match-LSTM	[Wang	et	al.	2016]
ü BiDAF [Seo et	al.	2016]
ü AoA Reader	[Cui	et	al.	2016]
ü DrQA [Chen	et	al.	2017]
ü R-Net	[Wang	et	al.	2017]
ü SAN	[Liu	et	al.	2017]
ü QANet [Yu	et	al.	2018]
ü BERT	[Jacob	et	al.	2018]
ü …

Question	Answer



Text matching

NEW	Model

DSSM	
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DRMM	
K-NRM
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HiNT
…
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MatchZoo

MatchZoo is a toolkit aims to facilitate the designing, comparing,
optimizing,	and	deploying of deep text matching models.



Opening	Source	Toolkit	&	global	cooperating
Ø Organizers:	Yixing	Fan;	Jiafeng Guo;	Yanyan Lan;	Xueqi Cheng



MatchZoo

Data Preparation
1. Data	cleaning
2. Batch modes:
3. Data	generator

Model Construction
1. Representation-

focused model
2. Interaction-focused

model

Training and Evaluation
1. Objective functions:
regression
classification
ranking

2. Metrics: MAP, NDCG …

Extended Keras Library

Basic Keras Ops:
1. Conv
2. LSTM
3. ……

Extended Ops:
1. 2DGRU
2. Term Gating
3. ……

Raw	Data PreProcessor Model Train	&	Test



MatchZoo

1.0 2.0
§ Unified data	processing	API
§ Simplified model	configuration
§ Easy to	add	new	models
§ Automatic parameter	tuning
§ Automatic model	selection



MatchZoo
Ø data	preprocess:

ü Tokenization	Unit
ü Lower	case	Unit
ü Punctual	Removal	Unit

ü Digit	Removal	Unit
ü Stop	Word	Removal	Unit

ü Stemming	Unit

ü Vocabulary	Unit	

ü Word	Hash	Unit
ü Frequency	Filter	Unit

ü HistogramUnit

Fruitful	preprocessing	unit	to	standardize	data



MatchZoo
Ø Model	Implementation:
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A	number	of	deep	matching	models	have	been	implemented	in	the	toolkit



MatchZoo
Ø Model	Construction
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1.	Data	Process

2.	Model	Configuration

3.	Train	&	Test



MatchZoo
Ø Add	New	Model



MatchZoo

Tuningmachine	learning hyperparameters is	a	tedious yet	
crucial	task,	as	the	performance	of	an	algorithm	can	be	
highly	dependent	on	the	choice	of hyperparameters.



MatchZoo

Raw	Data
Preprocess

Feature	Selection Model	
Training

Model
Evaluation

Leaderboard	
of	Models

Application

Expert	Knowledge Automatic	Learning Expert	Knowledge



MatchZoo
Automatic	Learning

From	matchzoo.auto import	prepare,	tuner

Raw	Data
Preprocess

Feature	Selection Model	
Training

Model
Evaluation

Leaderboard	
of	Models

Application



MatchZoo

Automatic 
machine learning

Models	Initialization

Task	Definition

Data	Preparing

Parameter	Tuning

Result	Recording



MatchZoo
https://github.com/NTMC-Community/MatchZoo



MatchZoo

A	big	welcome	to	join	us	to	develop	the	text	matching	toolkit!



Thank You
&

Question

Name : Yixing Fan

Email : fanyixing@ict.ac.cn
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