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Several slides are from Prof. Zhicheng Dou’s talk at YSSNLP 2019
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= Search engines are mature

= and somehow are not fancy again

" Google/Bing/Baidu are becoming Al
platforms, not just search engines
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.- 5 BRRERTFRHNZA SIGIR 2019 tracks

« Search and Ranking
« Future Directions
 Novel approaches to IR, IR with new devices, Applications of
search to social good, ---
« Domain-Specific Applications
 Email, entity, education, legal, health, enterprise, ...
« Content Analysis, Recommendation and Classification
« Artificial Intelligence, Semantics, and Dialog
 Question answering, Conversational systems and retrieval,
Semantics and knowledge graphs, Deep learning for IR,
embeddings, and agents
« Human Factors and Interfaces
 User-centric aspects of IR
 Evaluation



.- 5 RRBRBIRENZ: SIGIR 2019 papers
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Xig o E B IKE  (Conversational information seeking) :
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o XiEAE¥FE Conversational recommendation
o XMiERMZE Conversational search
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« CAIR 2018 :The Second International Workshop on Conversational Approaches to
Information Retrieval.
« WCIS 2019 :The FirstWorkshop on Conversational Interaction Systems.
« Jianfeng Gao, Michel Galley and Lihong Li (2019), "Neural Approaches to Conversational Al",
Foundations and Trends®in Information Retrieval:Vol. 13: No. 2-3, pp 127- 298.
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Yuemeng Sun, Yi Zhang, Conversational Recommender System, In SIGIR 2018
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iEAME (Belkin, CJIS 1980) Hiw: LA S xt1H - Eme 55 AR
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1 ; Conversational context| | Conversation management (CM)
! Whichis your favourite character in Spider-Man? i .
: i understanding (CCU)

i : Conversational topic
: My favorite character was Tobey Maguire. [
; !

tracking (CTT)

i
: | thought he did an excellent job as peter parker, | didn’t 0
A, see what it was that turned him into Spider-Man though.

Conversational topic

. shifting (CTS)
Well this happens while Peter is taking photographs of :
Mary Jane for the school newspaper, one of these new i Respo nse generation
spiders lands on his hand and bites him. : ] (RG) A

Locating knowledge
(KL)

Maarten de Rijke, SERP-Based Conversations, in SCAI workshop on IJCAI 2019
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[ dinosaur Q]

PN (dinosaur_ Q)

N\

Information Need (Facet)
I'm looking for the Discovery Channel's
dinosaur site, which has pictures of
dinosaurs and games.

Information Need (Facet)
I'm looking for a list of all (or many of)
the different kinds of dinosaurs, with
pictures.

ltﬁj] ﬁre Ko?u looking for dinosaur
=" books?

~ Y No, just the discovery channel
: website.

Jo-
[E[l‘?j Are you looking for meat-eating
L= or plant-eating dinosaurs?

n I'm not sure.
2 @ No answer

20%
[ij] Would you like to see pictures
&—-—I or videos of dinosaurs?

I'd like to see pictures of dinosaurs
on the discovery channels website.

[Eﬁj ﬁre Ko_:x looking for dinosaur
LU books?

P™ VYes, if they contain pictures of all
*/  the different kinds of dinosaurs.

[Eﬁj Which dinosaurs are you
interested in?
PN I'minterested in any and all
. dinosaurs.

:6;_ ' /
[E'nj ann)(g;l?want a list of dinosaurs
| —— H

H | Yes, | would also like the list to
+/ include pictures of the dinosaurs.

Mohammad Aliannejadi et al., Asking Clarifying Questions in Open-Domain Information-Seeking

Conversations, SIGIR 2019
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Mohammad Aliannejadi et al., Asking Clarifying Questions in Open-Domain Information-Seeking
Conversations, SIGIR 2019
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Workshops
Final Thoughts * Neu-IR 2016:The SIGIR 2016 Workshop on Neural
e Information Retrieval.
% s e ¢ Neu-IR 2017 :The SIGIR 2017 Workshop on Neural
apeechi” vision b EIN ~  Information Retrieval.
TR You are . : Tutorials
___"_?Tfhefe S _ * NN4IR@ECIR2018: Neural Networks for Information
e | ' Retrieval, at ECIR 2018
e NN4IR@SIGIR2017: Neural Networks for Information
Retrieval, tutorial at SIGIR 2017
* NN4IR@WSDM2018: Neural Networks for

Information Retrieval, tutorial at WSDM 2018

=

Bhaskar Mitra, et al., An Introduction to Neural Information Retrieval, 2018
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Search vs QA?
« Search is harder as it has very
strong baselines
Re-ranking vs Ranking
* Inverted index for semantic
matching
Neural models
1. Capsule Network
2. GAN
3. Reinforcement Learning
4. BERT ...

Data Set Robust04 GOV2 Q2007 WT09-14 | Sougo-Log

Model MAP [ Paz2o | MAP | Pal0 | ERR@20 | NDOGa1
BM25[46] (1994)1:2 0.255 | 0.370 | 0.450 | 0.366 | \ 0.142
QL[120] (1998)1:4 0.253 | 0.369 | \ \ 0.113 0.126
RM3[121](2001)® 0.287 | 0.377 | \ % \ §
RankSVM[122] (2002)2 \ \ 0.464 | 0.381 | \ 0.146
LambdaMart[100] (2010)2 \ \ 0.468 | 0.384 | \ 1\
DSSM[13] (2013)57% ¢ 0.095 | 0.171 | 0.409 | 0.352 | \ \
CDSSMWT] (2014) 57 0.067 | 0.125 | 0.364 | 0.291 | \ 0.144
ARC-I|L7] (2014) 57 0.041 | 0.065 | 0.417 | 0.364 | \ i
ARC-II[17] (2014)15,/2[/6 0.067 | 0.128 | 0.421 | 0.366 | \ \
MP[18] (2016)15'/2;}6 0.189 | 0.290 | 0.434 | 0.371 | 0.148 0.218
Match-SRNN|69] (2016)% ;¢ i - 0.456 | 0.384 | \ ¥
DRMM[21] (2016)%;7" 0.279 | 0.382 | 0.467 | 0.388 | 0.171 0.137
Duet[23] (2017)%7, \ ¥ 0.474 | 0.398 | 0.134 \
DeepRank[33] (2017)% , \ \ 0.497 | 0.412 | \ 5
K-NRMI85] (2017)% ;¢ \ \ \ \ 0.154 0.264
PACRR[123] (2017)%7, ,, 0.254 | 0.363 | \ \ 0.191 \
Co-PACRRI118] (2018)% T ar % s \ 2, 0.201 N
SNRM[28] (2018)2 /s 0.286 | 0.377 | \ \ \ \
SNRM+PRF[28] (2018)5 1 ¢ 0.297 | 0.395 | \ N \ )
CONV-KNRM|[84] (2018)% , 1/ | \ \ 5 > X 0.336
NPRF-KNRM|119] (2018)S,,,,, | 0.285 | 0.393 | \ \ i) \
NPRF-DRMM[119] (2018) ;| 0:290 | 0406 | \ \ \ \
HiNT[34] (2018)3/1/G \ \ 0.502 | 0.418 | \ \

A Deep Look into Neural Ranking Models for Information Retrieval, Jiafeng Guo, et al.,

Information Processing and Management, 2019
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R R 2 X B FIRIL
+ Session-based Recommendation:
+ Sequence and Time Aware Neighborhood for Session-based Recommendations
« RepeatNet: A Repeat Aware Neural Recommendation Machine for Session-based
Recommendation
* A Collaborative Session-based Recommendation Approach with Parallel Memory
Modules
* Sequential Recommendation:
 7n-Net: A Parallel Information-sharing Network for Shared account Cross-domain
Sequential Recommendations
« Taxonomy-aware multi-hop reasoning networks for sequential recommendation
« Explainable/Review-based Recommendation
A Capsule Network for Recommendation and Explaining What You Like and Dislike
* Neural Graph Collaborative Filtering
« Reinforcement Knowledge Graph Reasoning for Explainable Recommendation
* Applications based on Recommendation
« CROSS: Cross-platform Recommendation for Social E-Commerce
* Unified Collaborative Filtering over Graph Embeddings
s etc:
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Workshops on explainable recommendation

EARS 2018: International Workshop on Explainable Recommendation and
Search,

Yongfeng Zhang,Yi Zhang, and Min Zhang.

EARS 2019: International Workshop on Explainable Recommendation and
Search

Yongfeng Zhang, Yi Zhang, Min Zhang, and Chirag Shah

Explainable

17% W FACT
30%
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What is the cross-domain scenario?
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Muyang Ma, et al., n-Net: A Parallel Information-sharing Network for Shared account Cross-
domain Sequential Recommendations, In SIGIR 2019
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Muyang Ma, et al., n-Net: A Parallel Information-sharing Network for Shared account Cross-
domain Sequential Recommendations, In SIGIR 2019
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%*ﬁuﬂﬁﬁiﬁh

Any similar one in ?

How to it?

Is there any such
nearby?

y The Palace of Shifi i{\llrﬁlre

Is there any selling this

nearby?

User Attention-guided Multimodal D1alog Systems Chen Cui, Wenjie Wang, Xuemeng Song,
Minlie Huang, Xin-Shun Xu and Ligiang Nie, SIGIR 2019
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f?“i Show me some similar pants in Fk .
L, /E?\ Good! | want to buy this one.

(/f‘ig-\ style as in this image.

_

Multimodal Multimodal

User Encoder Encoder
High-level
bi-directional RNN o Utterance Utterance
Vector Vector
— — — — — — — = g— — — — — — —_ — — ——— — — — — = |
C\;Jnttext Utterance
ector Vector
Multimodal _ Multimodal
= P
Chatbot Decoder :"\\\ /ﬁ 4 Encoder
A /|
\7 \‘_1 ‘ Textual modality

@ ' | found a similar looking one. \ ‘ Multimodality
Ad:A

User Attention-guided Multimodal Dialog Systems Chen Cui, Wenjie Wang, Xuemeng Song,
Minlie Huang, Xin-Shun Xu and Ligiang Nie, SIGIR 2019
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Reinforcement KG Reasoning
+ Reinforcement Knowledge Graph Reasoning for Explainable Recommendation
[Xian et al. SIGIR’2019]

« Paradigm of previous methods: for each user, for each candidate item, calculate
ranking score based on path info between this user-item pair.

+ Too many candidate items: Can we avoid enumerating all candidate items?
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Xian et al. , Reinforcement Knowledge Graph Reasoning for Explainable Recommendation,
In SIGIR 2019
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t diabetes mellitus >,

Order-free Medicine Combination Prediction with Graph Convolutional Reinforcement Learning. In

CIKM , 2019.
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Order-free Medicine Combination Prediction with Graph Convolutional Reinforcement Learning. In

CIKM , 2019.
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