Neural Networks for
Information Retrieval
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Word embeddings and
convolution neural networks
for NLP



Semantic Level NLP
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Word-based NLP

Knaccnmyeckmm noaxoAa: ‘dod’
* [lepeHymepoBbiBaeM C/10Ba
(\\OAMHII,IIABaII)

ocat’

* Wcnonb3syem one-hot encoding

:[000010000]
MaJibUUK
:[000000100]

NnapeHb

:[010000000]

OJ1€Hb

ﬂpOGHEMa: ”XmaanMK i XnapeHb”

I |
MapeHb ~ OJIeHb

PeweHue: KoMnakTHblE npeactaB/1eHUA



Word-based NLP

MMMWﬂOOOOlOOOO] ‘dod’
:[000000100]

napeHb

ocat’

:[010000000]

O/lIeHb
Mpobnema: OueHb BbICOKasi pa3MepPHOCTb NPOCTPAHCTBA

KocTbinb 1: Jlemmatusauymsa (“llapHu -> napens”, “Llea"” ->"Natn”)
Side-effect 1: /lemmaTtumsayms npuBoAUT K noTepe MHPOpPMaLUK

KocTbinib 2: 3aMeHUTb peKme C10Ba 3ar/yLIKOu
Side-effect 2: Bo MHOrmMx 3aga4ax peakme cnoBa KpanmHe MHPOPMATUBHDI



OuctpmnbyTneHas rmnoTtesa

[nnortesa:

ﬂl/lHFBI/ICTI/NGCKI/Ie eaANHNUbI, BCTpeHa}OLLI,I/IeCﬂ B CXOXUX KOHTEKCTax, uMeeroT
ONn3kmue 3HavYeHus.

BbiBoA:

3HauuT, NnpeacTaBneHnst CNoB, MOXKHO MOCTPOUTL C MOMOLLbI KOHTEKCTOB, B
KOTOpPbIX 3TW CIIOBa ynoTpebnsarTcs.



Word2Vec (2013)
Apxuntektypbl CBOW u Skip-gram
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CBOW (Continious Bag of Words)
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Skip-gram

Output layer
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Skip-gram

OnTumusnpyem



Skip-gram

BbluncrieHne BeposATHOCTEN BbIXOAHbLIX CITI0B

|/|CI'IOJ1b3yeTC$| softmax
exp (V! v
p(Wo|W/) — v p( wo? W/>

2. exp({Viy, V)

w=1

Ha npaktuke 3Ty dpopMyny npumeHATb CNOXKHO, TaK Kak
BbIYUC/IEHNE TPagMeHTa nponopunoHansto |V/|.

Ha npakTuke npumMeHsIOT pasHble annpoKCUMaLUN: NepapXUYecKiii
softmax unm negative sampling.



Negative sampling
Npes:

He bynem paccmaTpuBaTb BCe C/10Ba U3 C/IOBApsi, @ YHTEM TOJIbKO
paccMaTprBaEeMOe C/I0BO + MOAMELLAEM eLlle K OTpuULaTENbHbIX
NPUMEpOB.

3ameHum log p(wo|w;) Ha

k

/Og U(<v:/v07 VW/>) + Z EW,‘NPn(W)[/Og J(—<V:/v,-7 VWI>)]
=1

» k~5— 20 gna HebonbLIMX BLIOOPOK 1 3/4

» k=~ 2—5 gns bonbwmnx gaHHbIX VA empirical(w)



CBoWcCTBa Bbly4YEHHbIX NpeacTaBneHum

vec(“man”) - vec(“king”) + vec(“woman”) = vec(“queen”)

WOMAN

MAN /

ONCEE KINGS \
QUEEN \ QUEEN

KING KING




[Tpnumep mopenu

Bamxalmue 1o KOHTEKCTaM ¢J10Ba 1715 depuyum (¢ KOCHHYCHOH 6.1H30CThIO)

1. uexeatka 0.65354729

2. npodunt 0.62004328

3. rocgonr 0.61431211

4. necbanancuposansocts 0.59282905
5. peduumtHocTs 0.58463109

6. aucbanarc 0.57497036

7. ueponocrvrurenne 0.57044709

Bamkaiimue Mo KOHTEKCTAM C10BA 115 CUH2T (C KOCHHYCHOH 6.1H30CThIO)

. ansbom 0.91364485

. nourrureir 0.88309568

. runactuska 0.85516018
. kapep 0.84436756

. crvomitauk 0.83440500

W e W



Doc2vec (Mikolov, 2014)

~ 0O000LweHne word2vec Ha uenble JOKYMEHThI (ppassbl,
npeasioKeHnda u 1.4.)

~ [NpeobpasyeT TEKCT NPON3BOSIbHOW ANUHbLI B BEKTOP
donkcmpoBaHHOro pasmepa

~ Distributed Memory (DM)
~ Distributed Bag of Words (DBOW)



Doc2vec (Mikolov, 2014)
Distributed Memory (DM)

>

HaszHauum n paHaomHo
npouHuLmanu3npyem paragraph
vector

Bynem npepckasbiBaTb CNOBO U3
TEKCTa UCMNOJIb3Ysl KOHTEKCT 1
paragraph vector

lgem ckonb3sWwmMM OKHOM MO
BCEMY [OKYMEHTY, COXpaHsas
npu aToM paragraph vector
PUKCMpoBaHHbIM (MO3TOMY
Distributed Memory)

ObHoBNEHNE NMPOOUCXOANT NpK
nomowm SGD un backprop

Classifier

Average/Concatenate

Paragraph the



Doc2vec (Mikolov, 2014)
Distributed Bag of Words (DBOW)

» Vcnonb3yem Tonbko paragraph
vector (BekTOpa C/I0B He
NCNosb3yeM )

> bepem okHo u3 cnos B Classifier  [the] [cat] [sat] [on]
naparpade u cay4vaiHo \\//
CEMMJIPYEM KaKOEe W3 CJIOB N\ /-
npeackasaTb UCMOb3ys

paragraph vector (urtopmpyem
NnopsifoK C/OB) Paragraph Matrix ---------- "

Paragraph

» OuyeHb nNpocTo n Tpebyet id

MEHbLLE pecypcos



Character-level ConvNet

Convolutions Max-pooling Conv. and Pool. layers Fully-connected

Trained for text classification



BekTopHOE npeacraBneHne TekKcTa Kak n3odpaxxeHus

+ activation function

convolution 1-max softmax function
A pooli regularization
y p k' Y in this layer
3 region sizes: (2,3,4) 2 feature Y
Sentence matrix 2 filters for each region maps for 6 univariate 2 classes
7x5 size each vectors :|
totally 6 fiters region size concatenated

together to form a

single feature
vector
d=5
like

this
movie
very
much
!
—

.




Convolutional Neural Networks for Sentence Classification

wait .
for - __:Iq_‘l_l
video | K
and - || M 5 %
do - i L
n't || mils
rent = o

n x k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

OOblYyHas cBepToOYHas ceTb, NPOUHULManu3npoBaHHas word2vec
npeacTaBrneHns M CrioB



Neural networks for
recommendation systems



PekomeHaaTenbHbIE CUCTEMBI

Recommender Systems: An Introduction
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E-commerce
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Recommender systems - The task

> Hy)XHO NOCTponTb Moaerb,
npencKasbiBaloLLLy0 HAaCKOMNbKO user
HpaBATcqA items

> Y TUNUYHOW peKOMeHOATENTbHON CUCTEMBI
NMeeTcs:

o Martpuua users un items

o PelTuHrKn, otTpaxatoLme mx
npoLUsible NpeanoyYTeHus

o 3agada cocTouT B NpeackasaHum
ByayLwmx npeanoyTeHnn

S El-e X <

> B obwewm cny4yae, Bce HE
orpaHu4YMBaEeTCs NnpeackasaHnem
penTuHra

1Q
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Approaches to recommender systems

~ Collaborative filtering
OcHoBaH Ha aHanmae npeanoyvTeHUN NMosib3oBaTeren Takux Kak
PEUTUHIN PUNBbMOB, Nankn N T.4.

~ Content-based filtering
OcHOBaH Ha MaT4yuHre npeacrtaBrneHun items n users

[Monb3oBaTenbCKkMU NPpodub MOXET NPeacTaBNATLCA
npeabliaywmMm pentTuHramm, noceleHHbIMU cTpaHuyamm B
NHTEPHETE, MOUCKOBbLIMU 3anpocamn n T.4.

~ A hybrid approach



Matrix factorization
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A feed-forward neural network view
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Pytorch example

import torch
from torch.autograd import Variable

class MatrixFactorization(torch.nn.Module):
def _init_(self, n users, n items, n factors=20):

super(). init ()

# create user embedd1ings

self.user factors = torch.nn.Embedding(n users, n factors,
sparse=True)

# create item embedd1ngs

self.item factors = torch.nn.Embedding(n items, n factors,
sparse=True)

def forward(self, user, item):
# matrix multiplication
return (self.user factors(user)*self.item factors(item)).sum(1)

def predict(self, user, item):
return self.forward(user, item)

model = MatrixFactorization(n users, n items, n factors=20)
loss_fn = torch.nn.MSELoss()
optimizer = torch.optim.SGD(model.parameters(),

lr=le-6)

for user, item in zip(users, items):
# get user, item and rating data
rating = Variable(torch.FloatTensor([ratings[user, item]]))
user = Variable(torch.LongTensor([int(user)]))
item = Variable(torch.LongTensor([int(item)]))

# predict
prediction = model(user, item)
loss = loss fn(prediction, rating)

# backpropagate
loss.backward()

# update weights
optimizer.step()



Factorization Machines
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Factorization Machines as Neural Network

+ Addition e Weight~1 Connection
— Normal Connection
X Inner Product  __ b Babedding

—

/\l Sigmoid Function -//1.2"'//_
& Activation Fw/%/f—/ il
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A deeper view

Mean
squared loss



Wide and Deep (Google 2016)

Output Units //\
® @ ¢
Hidden Layers ==
& ) -7
Dense
Embeddings

Sparse Features

Wide Models Wide & Deep Models Deep Models



HenpoceteBble apxutektypbl ana CF

T e e g v e s o o O S S 0 S0 v S e S S O O S D e S O S SO S 0 O O O 9 ey v, 0 O S 09 o —— Weight-1 Connection
LJ}L________?&TLTﬁf________fy _________________________________ l Normal Connection
m 7‘4\\ _’,—W — ~» Embedding
ey R T R T e S g e g 197 T e e o e —ym ———
& =/ Activation Function

+ Addition

Inner/Outer Product

igmoid Function

Field i Field j ... Fieldm Field i Field j ... Fieldm Field i Field j .. Ficldm
FNN PNN Wide & Deep

FNN - FM initialized feed forward neural network

PNN - Product based neural network



DeepFM (2017)

TN TN N TN NN NN NN T T T S . .. q

+ Additi ~—p Weight-1 Connection J )
e —— Normal Connection | Output Units :
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DeepFM (2017)

Pe3ynbTaThl:

Company Criteo
AUC | Logloss | AUC | Logloss
LR 0.8640 | 0.02648 | 0.7686 | 0.47762
FM 0.8678 | 0.02633 | 0.7892 | 0.46077
FNN 0.8683 | 0.02629 | 0.7963 | 0.45738
[PNN 0.8664 | 0.02637 | 0.7972 | 0.45323
OPNN 0.8658 | 0.02641 | 0.7982 | 0.45256
PNN:x 0.8672 | 0.02636 | 0.7987 | 0.45214
LR & DNN | 0.8673 | 0.02634 | 0.7981 | 0.46772
FM & DNN | 0.8661 | 0.02640 | 0.7850 | 0.45382
DeepFM 0.8715 | 0.02618 | 0.8007 | 0.45083




Prod2Vec and ltem2Vec

- Prod2Vec & item2vec: "p:‘I'“
doakTopusaums maTpuubl
COBMECTHOW MOKYMKU

TOBapoOB “
~ AHanor word2vec 3a
UCKIMYEeHnem
UrHOPUPOBaHUSA p
NPOCTPaHCTBEHHON FAnprogudt
COCTaBﬂFII-OIJJ,eﬁ Prod2vec skip-gram model

K K K

1 1

e > log p(wijwi) — - > > log p(wj|wi)
i=1 —

c<j<c, j#0 i=1 j#i



Pandao2Vec

~ BekTopa Pandao2Vec oTpaxatoT ceMaHTUKy

~ [ns HUX gaxke (MHorga) paboTaloT aHanoruu:

Uexorn CTtekno Ctekno Uexorn
ans ans ans ans
|IPhone IPhone Samsung Samsung



Pandao2Vec
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Neural networks for
iInformation retrieval



3ajada paHXupoBaHUA B rNoncke
Lenb:

XOTUM HAy4YUTCS CHMTATb MPaBUIbHbIE AUHAMUYECKUE
NOKYMEHO-3aMpPOCHbIe (PaKTOPbI.

NDCG

N
| DCG
DCG = NDCG =
— | /ngi +1 | ¢ DCGmax

I



[Tonck
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McTuTenu

WnTepHer

McTutenu (2012) cmoTpeTb OHNaitH 6ecnnatHo

kinogo.net/110-mstiteliess-2012....
«MCcTUTeNU» — (PAHTACTUUECKUi BOEBUK O HOBLIX NPUKMKUEHUAX Cyneprepoes. CIOXeT KapTuHbl

Ao6pa u 3na.

McTutenu 3: BoitHa 6€CKOHEYHOCTN CMOTPETb OHNAH hubM
6ecnnarHo B...

kino-1080hd.ru > Boesuk
Moka npasuTenscTeo CoeguHeHHbIX LITaToB AMepuki

nocne BTop:

p

ues, a yeTp

pasBopky u3-3a.

CmoTpeTb MepBblit MCTUTeNb: MPOTUBOCTOSIHUE B XOPOLLEM

Kavyectse hd 720

kinohabr.net > ®aHTacTuka
Bce 370 3aKaHUMBaeTCA TeMm, uTo Mexgy uneHamu McTuteneit NPOUCXOQUT CepbesHoe

ToAHUe,

maccy np

Bonblue Bugeo no sanpocy: Mcturenu

ok.ru 23.01.16

McTutenu Mpumm (2015)

==

ropHble McTuTenu (2009)
ok.ru 02.05.17

nocnegcTaui 8 Gyayuiem.

McTutenu (2007)|
ok.ru 28.04.16

McTtutenum (2012) cMoTpeTb OHNaitH GecnnatHo B xopowwem hd 720

Kayectse

kinogid.me > ®unbmbl 2012

XKaup: Boesuku, Mpi

, O3HTE3U.

Maxc 3: fjopora #pocTi. Top 2: LiapcTeo TeMs!

2: Spa AnbTpoHa. beaymHbii

McTutenu — Tpeiinepsl, AaTtbl npembep — KuHolMouck

kinopoisk.ru/film/11175

6:

BOWHbI:

[Ains Toro uTobel

Ha (hunbm

KOTUKU

fupekc

Mlonek  Kapmirkm

3 Kotukn — BKoHTakTe
vk.com > v.kote v
[Aara poxaeHus: 19 axe 2011

O cebe: KOMUKCHI: #KOTMUKCHI@V.Kote AHUMALLKU: #KOTOTM(DKU@V.K.

Yurath ewe >

McTtutenu

CLA, 2

The Av

Kuno Mail.Ru 7.9 Kuollouck 7.9 IMDb 8,1

DunbM Marvel «McTUTeN» SBASETCS NPOFOMIKEHUEM NUUEC
BepyLux Hauano B hunbMax «KenesHblit Yenosek», «<Hesepo
«KenesHblit UenoBek 2», «Top» i «Tepsbiit MCTUTENb». B Npot
cyneprepou 0GbeUHAIOTCS B YHUKAbHYH0 KoManay. Korga uel
Yutats ganswe v

JKaHp: h3uTeau, GoeBUK, NPUKNIOUEHUR, (DaHTacTUKa
Pexuccép: [Lxocc YugoH

Npopatocepbi: CTau /lu, [hxoH ®aspo, Kesux Qaitrn, AnaH ®ai
JNyuc A'Scnosuto, +

ANUTENbHOCTL: 2 4. 22 MUH.
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Bce Kaptuxku Bugeo HosocTu Kaptbi

Pe3yneratos: npume

Bugeo

Bcenenxas.
MyTewecTBue B
Kocmoc. B nonckax
OTBETOB ...

Kocmoc -
BcenenHasn ot
Hauana [0 KoHua
(1uz4)

Econimics
Br. 2012 .

SDF 35

YouTube - 15 okT. 2017 1.

KapTuHKM no 3anpocy KoCMOoC BCeleHHasa

=> [pyrue KapTuHKM NO 3anpocy "KOCMOC BCeneHHas"

Ewe HacTtponku

Kpaii BceneHHoi
I'Ae 3akaHuMBaeTcs
KocMoc
JLlOKYMEHTa/TbHbI ...

Galaxy Chann
YouTube -

MoxanosarbCA Ha KapTUHKK

MoyeMy KOCMOC TaKoii TEMHBINA, eC/v BO BcenexHoii Munnvapap ..

https://hi-news.ru » Tembl > Kocmoc v
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noBcloAy, KyAa 6bl HU nocMoTpenu? MHorga camblie ...

6 1. - Ecnu BeeneHHan GearpaHuuHa 1 NosiHa 38e3/] U ranakTuk, NouYemy Mbl He BUZUM UX

WVHCTpyMeHTbI
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HICTBA KoWAYLUX
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Kapakan



Vector space ranking model

[ 1 1

Ttldf

Tfdf =)  tf, x Idf,
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BM25F

> rank(E)
BM?25F = erank( )+kldf
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Knaccuyeckne mogenu

HepocTtaTku

® CooTBeTcBue nponcxoanT NO NOAHOMY COBMNAAEHNIKO C/NOB N3 3anpoca
B OOKYMEHTE

®

He noHsATHO Kak onpeaennTb BaXXHOCTb C/10B

¥

He noHssTHO Kak YHUTbIBAETb NMNOPAAOK CJIOB N KOHTEKCT, B KOTOPOM
OHW NCMNOJZIb30BAHDbI

% [Npuxogutcs gymaTb Ha NNHIBUCTUKOW (MOPEPONOrnsi, CUHOHUMBI,
TPaHCAUTLI U T.4)



BekTopHas moaenb

Sim(Q,D) =QTD — Zweq tfdwi?npw

O6yqaeM BAXXHOCTb C/10B Ha K/IMKAx



BekTtopHaa mogenb

deep learning

W Deep learning — Wikipedia w TyGoroe obyuenvie — Buoeun
en.wikipedia org/wiki/Deep_learning MNy6oKoe oByuenue — COBOKYNHOCTL METORO8 MALLMHHORO OBYUEHHA (C YUMTENeM, C NACTHUHbIM
Deep learning (also knon as deep structured leaming or hierarchical learning) is part of a broader family NpUB/IEYSHUEM YuUTeNs, 63 YUMTeNS, C NOAKPENNEHWEM), OCHOBAHHBIX Ha OBYYeHUM NPEACTABNEHHAM, A
HE Ha CNEUMANMIMPOBAHHLIX ANFOPUTMAX, Pa3PaBoTaHHLIX ANA KOHKPETHLIX 334ay. MHOIMe METOAL!
of machine learning methods based on learning data representations, as opposed to task-specific G M S
algomh‘ns Leamlng can be supervised, semi-supervised or unsupervised. mp Ieammg models... Vctopuss Onpesienexuss Copepkaxne

Sim(Q,D) =Q"D = Xeq tfdyidfyy

Hap.o noanpasuTb MOAeE/Ib Tak, 4yTo6bI CMOYDL Bbly4YNUTb TaKne
3aBUCUMOCTU U3 AaHHDbIX



BekTopHas moaenb

M,D,EHI Byp,eN\ paccMatTpmBaTb HE TOJ/IbKO lNnepeceyeHume C/10B
3alpoCa U AOKYMEHTa, HO BCe lMapbl C/Z1I0B U3 3alpoCa N AOKYMEHTa

deep learning

rnyboKoe obyyeHune - BUKMNeauns

Sim(Q,D) =X4eq Zwep tf dqwidfqw



Latent Semantic Analysis
documents
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Dual Embedding Space Model (DESM)

Inp Output Layer

Hidden Layer

ng':$E§mﬂkzo

O000] ¢
OO0 0O0]

(OO0OOQ ¢oo
(0000

» Word2vec optimizes IN-OUT dot product which captures
co-occurance statistics of words from the training corpus

» We can gain by using these two embeddings differently



Dual Embedding Space Model (DESM)

yale seahawks eminem
IN-IN OUT-OUT IN-OUT IN-IN OUT-OUT IN-OUT IN-IN OUT-OUT IN-OUT
yale yale yale seahawks seahawks seahawks eminem eminem eminem
harvard uconn faculty 49ers broncos highlights rihanna rihanna rap
nyu harvard alumni broncos 49ers jerseys ludacris dre featuring
cornell tulane orientation packers nfl tshirts kanye kanye tracklist
tulane nyu haven nfl packers seattle beyonce beyonce diss
tufts tufts graduate steelers steelers hats 2pac tupac performs

» IN-IN and OUT-OUT cosine similarities are high for words that
are similar by function or type

» IN-OUT cosine similarities are high between words that often
co-occur in the same query or document
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Dual Embedding Space Model (DESM)

A document is represented by the centroid of its word OUT _vectors:

% Utd ouT
Uq,0UT = Z ||

t ed Utq.out |

Query-document similarity is average of cosine similarity over query words:

q |Nvtd ouT

DESMin-out (g, d Z v

teq qIN|| ||vtdOUT||

IN-OUT captures more Topical notion of similarity than IN-IN and OUT-OUT.

DESM is effective at, but only at, ranking at least somewhat relevant documents.



is the most populous city in the U.S. state of
New Mexico. The high-altitude city serves as the county seat
of Bernalillo County, and it is situated in the central part of
the state, straddling the Rio Grande. The city population is
557,169 as of the July 1, 2014, population estimate from the
United States Census Bureau, and ranks as the 32nd-largest
city in the U.S. The Metropolitan Statistical Area (or MSA) has
a population of 902,797 according to the United States
Census Bureau's most recently available estimate for July 1,
2013.

(@)

Dual Embedding Space Model (DESM)

Allen suggested that they could program a BASIC interpreter
for the device; after a call from Gates claiming to have a
working interpreter, MITS requested a demonstration. Since
they didn't actually have one, Allen worked on a simulator
for the Altair while Gates developed the interpreter. Although
they developed the interpreter on a simulator and not the
actual device, the interpreter worked flawlessly when they
demonstrated the interpreter to MITS in , New
Mexico in March 1975, MITS agreed to distribute (it
marketing it as Altair BASIC.

(b)

Figure 3: Two different passages from Wikipedia that mentions ""Albuquerque' (highlighted in orange) exactly once. Highlighted in
green are all the words that have an IN-OUT similarity score with the word ""Albuquerque' above a fixed threshold (we choose -0.03
for this visualization) and can be considered as providing supporting evidence that (a) is about Albuquerque, whereas (b) happens to
only mention the city.



Lexical and Semantic matching

Query: united states president

President United States United
United States. of the United States. The
president president executive branch of the federal and is
States the commander in chief ! the United Armed Barack
Hussein Obama II (born 1S an
President who is the United He
president to hold the born
United States. outside the continental United States.

~ TpagauuuoHHble Moaenn nHdornoucka paboTtatoT NCKIIYNTENBLHO Ha
NTEKCUYECKOM MaTUYUHre

- Representation mogenn moryT yunTbiBaTh Kak BCe TePMbl JOKYMEHTA
COOTHOCSITCH C 3anpoCoM

~ W 1e n gpyrne moryt 6bITb cMOAENNPOBaHbLI C MOMOLLbHO
HenpoceTeu



MHCTpYyMeEHT

Siamese Neural Network
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Deep Structured Semantic Model (DSSM) (2013)

Posterior probability
computed by softmax

Relevance measured

by cosine similarity R(Q, D») R(Q, D,)
Semantic feature y | _ 128 128 128
B Wby} i 1 i
5 300 300 300 300
Multi-layer non- _| {W;,bs} A A A A
linear projection /5 300 300 300 300
Wby 4 A 5 s
Word Hashing L 4 30k 30k 30k 30k
i i i f
Term Vector X 500k 500k 500k 500k
Q D/ D? Dn

Figure 1: Illustration of the DSSM. It uses a DNN to map high-dimensional sparse text features into low-dimensional dense features in a semantic space. The
first hidden layer. with 30k units. accomplishes word hashing. The word-hashed features are then projected through multiple layers of non-linear projections.
The final layer’s neural activities in this DNN form the feature in the semantic space.



Deep Structured Semantic Model (DSSM) (2013)

Collisions

Letter-Bigram Letter-Trigram
Word Token Collision Token Collision
Size Size Size
40k 1107 18 10306 2
S00k 1607 1192 30621 22

Table 1: Word hashing token size and collision numbers as a
function of the vocabulary size and the type of letter ngrams.

Learning o
R(Q.D) = 29
(@.0) = hellvol
_exp(R(Q, D))
DI = = o(R(Q. D)
D’eD

L = —log H P(D"|Q) — min
Q.D~



DSSM B aHaekce

Janpoc
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DSSM B aHaekce

3anpoc: [kennckas KHUra]

3arosioBOK CTpaHULUbI BM25 HenpoHHasa mogenb
KenncKkaa KHUra Bukuneans 0.91 0.92
y4YeHble uccneayrT Kenncky KHUry BOKpyr ceserta 0.88 0.85
book of kells wikipedia 0 0.81
MpnaHacKkue MNNKCTPUpPOBaHHbIE eBaHrenmna vii viii BB 0 0.58

uKea runepMapKeTbl TOBapoB Ana goMa u oduca ikea 0 0.09



DSSM B aHaekce

3anpoc: [eBaHrenue mn3 kenncaj

3arosioBOK CTpaHUUbI BM25 HenpoHHasa mopgenb
KenncKkaa KHura sukuneansa 0 0.85
y4YeHble UCCNeayoT KennCcKy KHUry BOKpyr ceBeTa 0 0.78
book of kells wikipedia 0 0:71
MpnaHackue UNNKCTPUpPOBaHHbIE eBaHrenmna vii viii BB 0.33 0.84

MKea runepMapkKeTbl TOBApPOB ANa AoMa u oduca ikea 0 0.10



DSSM B aHaekce

3arnpoc: [paccka3 B KOTOpOM pasgaBunu 6abouky]

3arosioBOK CTPaHMULbl
¢unbmM B KOTOpOM pasaasunu babouky
W TPAHYN FPOM BUKUNEAUS
bp3nbepwu p3it BUKUNeans
MalnHa BPEMEHU POMAH BUKUNEANA

AOMalWlHEEe ManNMHOBOE BapPeHbe peuenT 3arotToBkKu Ha 3nmMy

BM25
0.79

0

0
0
0

HenpoHHasa mopgenb

0.82
0.43
0.27
0.24
0.06



Interaction matrix based approaches

Alternative to Siamese networks document
(elelelelelo]0le)
- - - H_I
Interaction matrix X, where z; ; is oh O ‘ 00000
obtained by comp?ringt:he the.ith word in 8} 0088888 emmmmemnnnee ‘.
source sentence with 5" word in target 210 |OOOOQ0QQ] ;! % s
sentence 1O/ 010000000 ! !
Q| 100000000 .l T T_T..
@) 0]0]0/0]0]0)0)e neural network
: ; O OOOOOOO0,
Comparisons can be both lexical or TRy
semantic
Bonpoc:

» Kak Takoe mcnonb3osaTb C JIMHEWHBIMU MOAENSAMMN !



MatchPyramid

~ CBepTo4HbIe crnon noeepx interaction matrix
MeXay 3arnpocoMm N JOKYMEHTOM

~ [locne KoHBOMNOUMIN MOMHOCBA3HbIE CIOU
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MatchPyramid

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.

=
'

More kernels

Matching

MLP Score

Kernel 2

Matching Matrix - Dot Product Feature maps Feature maps



Duet Model

~ CoBMeCTHO TpeHupyeM 2 NoaceTKy,
cdhOKyCMpPOBaHHbIE Ha JIEKCUYECKOM U
CeMaHTUYEeCKOM MaTUYUHre

Training sample:
q, d+7 dl) d27 d37 d4

nrdm(q,d™)

e

Z enrdm(q,d)
deD~

p(d*lq) =

local model distributed model



Duet Model

lerm
importance

Local model

Only query terms have an impact

Earlier occurrences have bigger impact

Query: united states president

President United States
United States.
president
States
President
president

United States.

Visualizing impact of dropping terms on model score



Duet Model

Term
importance

Distributed model

Non-query terms (e.g., Obama and
federal) has positive impact on score

Common words like ‘the’ and ‘of’
probably good indicators of well-
formedness of content

Query: united states president

United
of the United States. The
president executive branch of the federal and is
the commander in chief ' the United Armed Barack
Hussein Obama II (born 1S an
who is the United He
to hold the born

outside the continental United States.

Visualizing impact of dropping terms on model score



Duet Model (Pe3ynbsraThl)

NDCG@l NDCG@10

Non-neural baselines

LSA 22.4 442
BM25 24.2 45.5
DM 24.7 46.2
QL 24.6 46.3
Neural baselines

DRMM 24.3 45.2
DSSM 25.8 48.2
CDSSM 273 48.2
DESM 254 48.3
Our models

Local model 24.6 45.1
Distributed model 28.6 50.5

Duet model 32.2 53.0




