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1 0.78132242 0.817534268 0.660987079 0.753281
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0.78132242 1 0.718142271 0.650507927 0.716658

0.817534268 0.718142271 1 0.610729158 0.715469
0.660987079 0.650507927 0.610729158 1 0.640741
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 Embedding based solution

— Word/Sentence Embedding
— User Embedding

« MEFEIEER
— FAISS



Word Embedding

« Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey Dean. Efficient Estimation of Word
Representations in Vector Space. In Proceedings of Workshop at ICLR, 2013.

Skip-gram Q



Embedding
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Sentence Embedding

IR E * Model Inference

— CBOW/Skip-gram — Paragraph vector

— Paragraph vector — SkipThought

— SDAEs — SDAEs

— sent2vec * No Model Inference
 Between Sentences — CBOS/Skip-gram

— SkipThought — FastSent

— FastSent — sent2vec



Sentence Embedding (PV-DM)

Quoc V. Le, and Tomas Mikolov, ' "Distributed Representations of Sentences and Documents ICML", 2014.

Distributed Memory Model of Paragraph Vectors (PV-DM)

Classifier

Average/Cancatenate

Paragraph the > :
&




Sentence Embedding (PV-DBOW)

Distributed Bag of Words version of Paragraph Vector (PV-DBOW)

Classifier

Paragraph Matrix ---------»> LTJ':'

Paragrarh .
id )




Sentence Embedding (SkipThought)

Ryan Kiros, Yukun Zhu, Ruslan Salakhutdinov, Richard S. Zemel, Antonio Torralba, Raquel Urtasun,
and Sanja Fidler. "Skip-Thought Vectors." arXiv preprint arXiv:1506.06726 (2015).

. | could see the cat on the steps.

hore <UL

got Inti k HITHTE

strarge  <ags>




Sentence Embedding (SkipThought)

Objective. Given a tuple (s;_,, s;. s;—), the objective optimized is the sum of the log-probabilities
for the forward and backward sentences conditioned on the encoder representation:

TI(\LP A (N ¢+- Z]()Lpuu -..;;'l.}l.] (10)

im sure youll have a glamorous evening , she said , giving an exaggerated wink .
im really glad you came to the party tonight , he said , turning to her.

h i ‘11 take care ofit,” goodman said , taking the phonebook .
“1°1l do that , *’ julia said , coming in .




Sentence Embedding (SDAEs/FastSent)

Hill, F. Cho, K. & Korhonen, A. 2016. Learning Distributed Representations of Sentences from
Unlabelled Data. NAACL 2016

* Sequential Denoising Autoencoders
(SDAES)

— Remove words

— Swap words
» FastSentEECEy e
N O 8f, vy |-

s y
—

-
o - ’
) D(Si, Vw o .
- ‘l -l -l ) - , » / ) '
e, 1=1 .‘ll|..\rl‘. u o ) .k_g,




Sentence Embedding (sent2vec)

Matteo Pagliardini, Prakhar Gupta, Martin Jaggi, Unsupervised Learning of Sentence Embeddings
using Compositional n-Gram Features NAACL 2018

A. Joulin, E. Grave, P. Bojanowski, T. Mikolov, Bag of Tricks for Efficient Text Classification, ACL
2017

FastTex Sent2Vec




Sentence Embedding (sent2vec)

void (Model& model, real lr, const std::vector<int32_t>&

H
e

for (int32_t 1=0; i<line.size(); ++i) {
if (uniform(model.rng) > dict_->getPDiscard(line[i])
| | dict_->getTokenCount(line[i]) < args_->minCountLabel)
continue;

dict_->addNgrams(context, args_->wordNgrams, args_->dropoutK,
model.rng);
model.update(context, , lr);

}} @ =sonn



User Embedding

»  Shumpei Okura ;Yukihiro Tagami ;Shingo Ono;Akira Tajima, Embedding-based News
Recommendation for Millions of Users, KDD 2017

Article in Article in
different category

similar category Basec article

Decode

.'-‘_\'

'
o y Gaplayed
' Recommended |

'
kst
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StarSpace: Embed All The Things!

Ledell Wu, Adam Fisch, Sumit Chopra, Keith Adams, Antoine Bordes, Jason Weston, StarSpace:
Embed All The Things, arXiv:1709.03856v5 [cs.CL] 21 Nov 2017



FAISS M= 8] =R

fnhasan, eff and Danze, Marthifs and egou Hervw, Rillion-<rale similarity searh with GPIS | arXv peeprintaeXic1 702 08734, 2017
H. Jegou, M. Dcuze, ond C. Schmd. Product quantzation for rearest neighbor search IEEE Trons PAM, 33(1):117-128, Jonwary 2011.

A library for efficient similarity search and clustering of dense vectors.

Approximate Nearest-Neighbor Search

— Two levels of quantization
* (4 coarse quantization
* @> fin2 quantization, which is built on the residual of g,

c y=q) =q(y)+ 6200 —q:1(¥))

— Aninvertedfile system with the asymmetric distance computation (IVFADC)

* Indexon g,
G S60EMN
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K-Means
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FAISS [r] == 25 [A] 45 g5

* Product quantizer
— 272=4, 2"4=16, 2"8=256, ..., 2764=18446744073709551616
(=256"8)
— 128 dimensions, 64 bits

2 M N v 3 o o | A % Q %*

9 ()
16 com pcnents

otl] o]

s ¥z! el Ysi 7ys) syl
= H subwvectors X 8 bhits  @4-bil quanbizabion mdex 6 IOLIIRII




FAISS [n] &= =5 [B]f& &< : Distance(x,y)

» Symmetric distance computation (S

e o) = dlals) alu)) =
dix,y) =dlg(x).qly)) =

* Asymmetric distance computation (

~ N— Y
Hz.y) — dl.qy) — |3 dlu(@),q )7,

J
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N FHZEAF (cluster 1.0)

News titles + keyword, one-hot/gH3, it&EcosinelEEiH{T

HR\I
ESES

REEAE:

— infomap

=R

— FE—IREIANERE

R AR .

- FEIENXEE, BREMERE
— FREER, HIFPRAS




N FHZAF (cluster 2.0)

2ELAEERE, RiFNword2vecal 21t EcosinefE & ;
Simeis e

— infomap

1/\\\

- BSBRIRE, —/RAE

- AR, HETE:;
TR

- Bl E, =5RE

- 5L UEBAR%E (EEaliRERR)




Rz A4 (cluster 3.0)

F B %inews titles, @idsent2veciH{TEE1L;

R
— MPI + Fast-Kmeans (E &5 A& O\@=MF)
c IR

—SentenceQ&%UE’h’E){ S8, YZRFIFUMRIT—EX
REBHET BEHRE)

—T‘ EIEXFE), SLIE=1)1Z (sent2veciRE! HE 5,
EEAS| NFia/ ?Fﬁﬁae)

® =0



N FHZAF (cluster 4.0)
e cluster 4.0 21147



W FHZ (4.0)

- /]

UNDER CONSTRUCTION

COMING SOON



NG (RE+tagirR)

EM R

science:3798:python: %

science:15261:/\K: %%
science:7419: £1&: & FH
science:12100: ZB: B+
science:3796:B%@: (5

science:10326:0fo: EEFE
science:2340: 2 :d850
science:15300: Ejik: =&

........ O AN . I1+=2F .

science:3417:f B =: =it &
science:5627: T AZ I : BohE L

science:2061:3tF B B ZE
science:14214: tb4Emh  BF 15

science:8070: 1R mE: LtLiFm

tagif &
B ITE | =&

Bl | EhEEE | TT B AR
B IATEGE I XTAER
B | BB | £Z 2055
% | XRPE | $1F 53

BHx | B(E | FNLm

RFL Tl | RERHE

R | 2043 | 184

x| BE | 1ZER

B | BB | BB 2 2
B | BB | £Z 255
R | €043 | 184

BHx | B(E | FNLKm

IS 4= | 5T 1 O 4N

HEE

0.899106
0.897999
0.896513
0.886559
0.874244
0.869865
0.869369

0.86599
0.865448

0.86078
0.858769
0.858523
0.857771

o g g 4 4



NSRBI (ERHTIE)

NEESE
- 1.0 (BZ1TH)
- Title, content, keyword, 7325, Topic Modeling, #1M, etc.
 Hadoop MR
« B{IPRRAS
- 2.0 (BRZITE)
* Sentence Embedding
* + FAISS
- + BERIEIZE
- BEREREA?



NSRBI (KX HTIE)

query: "SR ALK SE PESZHUWE? “
(35:0.324623 13:0.521765 F2%:0.211953 1 fn558:0.783746 H[E]:0.383207 3£/7:0.289951 1K
fi:0.463009 £:3#:0.732088)

TOP-K HauE
title: "ERA KNS FEEZHERMNB(BIRIAICID",

title: "SEBPILIRA, FPEREMES, MXFEIFEAHTHKMSE",

title: "R ZEZN DKM SREIRAT? S0FRIERBEHEE, BHEHERF 7,
title: "AIRENE R UM TR, RERIMZERFEEZEZD? 7,

title: "R-6KEX N EEFER, FIHEHBONKU0KI ST, FAHTEBE! 7 oy 7297068119049

title: "B/NOFFESH, BEBRATERIUMSHEE! ", OSSR

title: "AEIFISS, DFMISBBEDRAWAY, HEENFRBETER *, 0785902578353 @ =somn




NSRBI (ERHTIE)

query: "fEETXKNERBERMER, ZERT —RMIRLE, BREILZLHE,
(FE3%:0.474111 [G@=:0.626293 UXLNZE:0.64394 E£E:0.53074 U4:0.732534
)

1R
BENTERMIRERIIBET EEHILEE LEE 0.7115¢%

DB, FRXMA, BEZNE RE! 0.7012
WBRERERE S RARE, 6HEMRILENIEEERIR, 0.6952
VEREAREZEMOSRIANERLERMm, 1t BEEHERST! 7, 0.6845
DHREES ABREAERET, UEERITRXM, SLHNERR", 0.6838
EEXFRIEE, BERTHIIRES, KEIAT! 0.6791

C=MESHEERNEE, BREEEREE 0.6790552735328674,




s ESNUEES i),

kW”%AEMME%@Q%FLETIH
(3Eh%:0.554584 JEbK:0.528889 Z£52:0.480718 ££7F:0.299403 1F:0.589807)
TOP-K RIUE

title: “’5RB”, BB E L ZERMNMNERIT LR T, 0.5624265(C 1

title: "FiZ— SN STIREEERIGH, B2 FIT1103085 T{REE", 0.54587078

title: "R ER, MIEXRE! IRE=UZBRRXFEMNET", 0.54551899
key: “BRMNMEREAIEIKRERAZF FET! ” + top [EX

title: "ESHS K X T, WEZEMNMR: BEHEXR", 0.6342902183532715,
title: "BRIAKERNGEER, BERETFHHAE, BHIRS1L
NS,

title: "N AEBEEEREEFPIRRENL? EEBEMIET! ", 0.6145355701446533,

26l Ae "[F XN/ FI|+—FOE 124 I1VIINE WM oh i ER e g s N L1A400921 AAT7T7R20NA

0.6193301677703857,




i)

key: "ZHEZHIE", (FF2:0.876618 H74:0.6368 )

TOP-K BuE
title: "SCHRZ S BEN R EBE", 0.7618297934532166,
title: "EXFE: PEIEMNREZERNB SHINE", 0.7171080112457275,

title: "RIEEHE, BEBEBERONESE, 0.6823 . -
title: "E B EMBIERE, oerrs| [ BIEHARH

. " FIRVIN S =1 UT1 s He A 4 iy AL S oo oyl ~ A
e TN T LRI s U T | e di Tl ,(f pr O

title: "RISSEIES A —FIHE, FERBZE, MBBEDE,  0.6771 ARL
title: "BERBHTE, BEBEREHE, ENDEAR, ZBHHE,  0.67438 000 imss0om,
title: "ML ARKIHE, EBERITE 0.6519374251365662,

title: "SCAFENSESRENBAEm, BHFN, BRES, 0.6481997966766357,
title: "HIAREM 2 IREIRIRFRETX", 0.6366733312606812,
title: "R AETNE, FRRKBESDR, AMATE—RETEERE, —X

‘ 0.6279226541519165,
T HE R
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